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Abstract: Satellite-derived Land Surface Temperature (LST) dynamics have been increasingly used
to study various geophysical processes. This review provides an extensive overview of the applica-
tions of LST in the context of global change. By filtering a selection of relevant keywords, a total of
164 articles from 14 international journals published during the last two decades were analyzed
based on study location, research topic, applied sensor, spatio-temporal resolution and scale and
employed analysis methods. It was revealed that China and the USA were the most studied coun-
tries and those that had the most first author affiliations. The most prominent research topic was the
Surface Urban Heat Island (SUHI), while the research topics related to climate change were un-
derrepresented. MODIS was by far the most used sensor system, followed by Landsat. A relatively
small number of studies analyzed LST dynamics on a global or continental scale. The extensive use
of MODIS highly determined the study periods: A majority of the studies started around the year
2000 and thus had a study period shorter than 25 years. The following suggestions were made to
increase the utilization of LST time series in climate research: The prolongation of the time series by,
e.g., using AVHRR LST, the better representation of LST under clouds, the comparison of LST to
traditional climate change measures, such as air temperature and reanalysis variables, and the ex-
tension of the validation to heterogenous sites.

Keywords: remote sensing; land surface temperature; temperature; dynamics; global change;
climate change; global warming; earth observation; review

1. Introduction
1.1. Relevance of Satellite-Derived LST

Planet Earth is changing with unprecedented intensity and speed. On the one hand,
there is climate change driven by anthropogenic emissions of greenhouse gases. It mainly
manifests through increasing air temperature and leads to extreme weather events, chang-
ing precipitation/seasonality patterns, decreasing snow cover, glaciers and permafrost
and shifting the habitats of plant and animal species. On the other hand, humans directly
modify their environment through the clearing of forests, urbanization and agricultural
activities. LST is a key indicator for both climate change and land surface processes, as
due to the heat exchange between the land surface and the near-surface atmosphere, the
dynamics in air temperature and LST are consistent [1]. Furthermore, the LST is an im-
portant parameter in surface energy balance equations and is hence crucial for under-
standing the dynamics in the Earth’s radiation fluxes. Therefore, LST is recognized as one
of the Essential Climate Variables (ECVs) by the World Meteorological Organization. On
the other side, the aforementioned land surface processes change the thermal properties
of the land surface and are, therefore, also reflected in the LST.
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Satellite remote sensing of LST offers the possibility to monitor climate-change-re-
lated processes spatially and continuously with high a spatial and temporal resolution,
which is, e.g., not possible when using weather stations, which are unevenly distributed
and only provide coarse spatial resolutions. Thermal infrared (TIR) sensors mounted on
satellites are the most common source of remote-sensing-based LST. In recent decades,
many satellites have been launched carrying TIR sensors, providing different spatial and
temporal resolutions, e.g., the Advanced Very-High-Resolution Radiometer (AVHRR),
Landsat’s Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+) and Thermal
Infrared Sensor (TIRS), the Along Track Scanning Radiometer (ATSR), the Moderate Res-
olution Imaging Spectroradiometer (MODIS), the Advanced Spaceborne Thermal Emis-
sion and Reflection Radiometer (ASTER) and the Visible Infrared Imaging Radiometer
Suite (VIIRS). However, most of these have been only available for the last two decades.
Only Landsat and AVHRR provide a longer time series, starting from the 1980s.

In recent years, remotely sensed LST has attracted increasing interest from research-
ers in various fields, which is reflected by the exponentially growing number of publica-
tions in this field [1,2]. Figure 1 provides an overview of the application fields of LST. LST
has been used to study global warming [3-16], interannual climate variabilities [5,7-
10,14,17], heat waves [18-20], droughts [21-25], soil moisture dynamics [22,23,26-29], for-
est dynamics [28,30-39], general vegetation—temperature interactions [15,20,24—
26,29,34,40-51], wildfires [28,52-55], snow and permafrost dynamics [13,16,29,56-63] and
urbanization [16,51,64-146].

«N Thermal Infrared Remote Sensing of LST:
’ BT, BTy : Top of Atmosphere Brightness Temperature
4 : Wl By, : Satellite Zenith Angle
v A @ @, : Satellite Azimuth Angle
e LST, ;: Land Surface Temperature

€., : Emissivity of the Surface

Land Surface Processes:

(& Soil Moisture Dynamics (@) snow and Permafrost Dynamics
(&) Forest Dynamics Urbanization

@ General Vegetation Dynamics

Wild Fires

Figure 1. Overview figure illustrating climate change and land surfaces processes analyzed via LST
dynamics as well as the principle of TIR remote sensing of LST, which is described in Section 1.3.
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1.2. LST as Part of the Surface Energy Budget

The land surface can be defined as the interface layer between different surface com-
ponents (e.g., forest canopy, rooftops and soil) and the atmosphere, and LST is its thermo-
dynamic temperature [1]. LST is an essential part of the surface energy balance (SEB),
which is depicted in Figure 2. Concerning LST, the SEB can be split into three subsystems:
the shortwave radiation balance (1) [18], the longwave radiation balance (2) and the
ground heat loss (3). Following this SEB model, changes in LST (ALST) are determined by
the sum of the net shortwave radiation (Rs*!), the net longwave radiation (Rcr¢*) and the
net ground heat loss (Hr<). In the following, these three subsystems are shortly described:
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"' Rs"* = Net shortw. Radiation
SN
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Figure 2. Schematic overview illustrating the components constituting LST in the surface energy

budget: the shortwave radiation balance (1), the longwave energy balance (2) and the ground heat
loss (3).

(1) The incoming shortwave radiation (Rsdown) is the portion of the solar radiation that is
not absorbed or reflected by the atmosphere: that which reaches the land surface. A
part of that radiation is reflected (Rs*r), while the remaining part Rs" is absorbed by
the land surface. The ratio between Rsdown, Rsup and Rsret is determined by the reflec-
tivity (o) of the land surface and is called albedo.

(2) The absorption of Rs*t heats up the land surface and causes it to emit longwave radi-
ation (Rup) in the TIR spectrum. However, the amount of emitted longwave radiation
at the same temperature can vary for different land surfaces and is determined by the
emissivity (¢) of the land surface. ¢ is defined as the proportion of longwave radiation
emitted from the respective surface relative to the amount of longwave radiation a
black body would emit at the same temperature. It is an important parameter for the
remote sensing of LST because TIR sensors only measure the longwave radiation,
and ¢ has to be considered during the derivation process. R.™4 is the TIR longwave
radiation, which is attenuated by the atmosphere and measured by the satellite sen-
sor at the top of the atmosphere. To complete the longwave radiation budget, the
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incoming longwave radiation from clouds and the atmosphere also have to be con-
sidered. The difference between Riudown and Rivr forms the net longwave radiation
(RLnet).

(3) In addition to indirect energy transfer via radiation, the land surface also directly
exchanges heat with the adjacent atmosphere, which is called sensible heat flux (H),
and with deeper ground layers, which is called ground heat flux (Go). The third com-
ponent of Hret is latent heat flux (AE), which describes the energy exchange between
the land surface and atmosphere during the process of evaporation. The sum of H,
Goand AE forms Hret and strongly depends on the absorptivity (a) of the land surface.

The SEB illustrates the main drivers of LST dynamics, which are the incoming solar
radiation, the land surface spectral and thermal properties (o, € and &), the incoming at-
mospheric radiation and the heat fluxes of the ground heat loss.

1.3. Principles of Remote Sensing of LST

As mentioned in 1.2, satellite-derived LST is measured using the thermal infrared
longwave radiation at the top of the atmosphere, which is called the top-of-atmosphere
brightness temperature (BTT4) in the context of thermal remote sensing. The right part of
Figure 1 illustrates the satellite remote sensing process of LST. LSTi2and €12are the emis-
sivity integrated over all visible components of the land surface within the respective
pixel. The temperature of these components can vary considerably, e.g., in urban areas;
therefore, spatial resolution is a crucial factor for the remote sensing of LST. Furthermore,
LST and emissivity are directional variables, wherefore the satellite zenith angle (012) and
the satellite azimuth angle ¢1.2also have to be accounted for during the derivation of LST.
The attenuation of the atmosphere is mostly driven by its water vapor content and also
depends on 0 and ¢.

Several algorithms exist to account for emissivity and the directional and atmos-
pheric effects in order to derive an accurate LST from satellite data. A comprehensive
overview of these algorithms and their validation methods is provided by [1,147]. The
validation of satellite LST should follow a certain protocol, as provided by [148]. It can
either be compared to in situ LST or compared to an LST derived from other sensors, or
compared to an LST modeled from radiances. The best validated LST products are derived
from MODIS, reaching mean absolute deviations (MADs) of around 1 K when validated
against in situ LSTs [149,150]. Other LST products have been derived from AVHRR, with
MAD:s of around 2 K [151], and AATSR, with MADs between 1.5 and 3 K [152]. An up-to-
date overview of available LST products is provided by [1]. The accordance between sat-
ellite-derived and in situ LST is usually higher at night. One general problem with most
validation studies is that they are only conducted over homogenous surfaces, which does
not represent well the accuracy over heterogenous surfaces, e.g., urban areas or mixed
forest.

LST is not only changing rapidly in space but also in time [153]. Generally, in remote
sensing, there is a tradeoff between temporal and spatial resolution, meaning that sensors
providing a high temporal resolution (MODIS, AVHRR) can only provide a medium spa-
tial resolution, while sensors providing a high spatial resolution (Landsat, ASTER) can
only provide a low temporal resolution. However, in both cases, polar-orbiting satellites
can only provide instantaneous LST measurements, which do not represent the daily pro-
gress of the LST. This problem is aggravated by the fact that TIR measurements cannot
penetrate clouds, leading to data gaps. The LST under clouds can be reconstructed by
regressing in situ LST with its determining variables as elevation, the Normalized Differ-
ence Vegetation Index (NDVI) or albedo or using Passive-Microwave-derived LST
[153,154]. Another possibility is the temporal aggregation of LST to daily, weekly, monthly
or annual statistics. These aggregations are established for sensors with a constant revisit
time, e.g., MODIS, but these become very complex for sensors with changing revisit times
over the time series, e.g.,, AVHRR sensors [155-158]. Furthermore, if these statistics only
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rely on clear-sky LSTs, they do not represent LSTs very well under cloudy conditions,
which is referred to as clear-sky bias in the literature [153].

1.4. Scope and Aim of This Review

The wide interest in the remote sensing of LSTs by researchers from various fields
has led to a number of reviews with different foci; however, their focus was either on LST
retrieval methods [147], LST reconstruction methods [153,154], or they were dealing with
specific topics (e.g., SUHI [2,159,160], such as soil moisture mapping from LSTs [161],
evapotranspiration mapping from LSTs [162], the remote sensing of SEB components
[163], drought indices [164] or elevation-dependent warming [165]). Recently, a compre-
hensive review was published by [1], which identified soil moisture estimation, agricul-
tural drought monitoring, SUHI, thermal anomaly monitoring and climate change indices
as the most common applications of LSTs. To our knowledge, there is no review yet cov-
ering the wide range of applications of satellite-derived LSTs. This paper should provide
an overview of how satellite-derived LSTs are used to measure all facets of global change,
bringing together applications from climate research and land surface processes for the
first time. To achieve that, a systematic review of studies dealing with LST dynamics
measured from satellites was conducted. Hereby, special attention was paid to studies
analyzing LSTs on a temporal and spatial scale that are relevant to global change topics.
The following research questions will be addressed:

e  How did the research field develop over time?

e Where and on which scales have LST dynamics been analyzed?

e Which global-change-related processes have been analyzed with LST? Which are the
predominant research foci?

e  How applicable is LST to the study of climate change?

e  Which sensors have been used?

e  What temporal resolutions and scales were analyzed?

¢  What methods have been used to quantify LST dynamics?

Section 2 presents our review method. Section 3 presents our results with respect to
the research questions above. The findings are discussed in Section 4, which is followed
by a conclusion and outlook in Section 5.

2. Materials and Methods

For this review, we looked for scientific articles that were published in the last two
decades and analyzed LST dynamics in order to gain knowledge of the land surface and
climate processes on our planet. For our analysis, we used the Web of Science (WoS) plat-
form. Figure 3 shows the workflow we used, which resulted in 164 reviewed publications.
To match our scope, the studies should be concerned with each of the three topics: LST,
satellite remote sensing and temporal dynamics resp. spatial patterns. To allow some lee-
way, we used several synonymous search terms for each topic:

° For the topic of LST, we included the search terms ‘Ist’, ‘land surface temperature’
and ‘thermal’. To select studies concerned with satellite remote sensing, we included
the terms ‘earth observation’, ‘satellite remote’, ‘rs’, ‘mapping’ and the most common
thermal sensors (‘avhrr’,’aster’,’ modis’, landsat’,’aatsr’,’slstr” and “viirs’). To include
articles concerned with temporal dynamics or spatial patterns, we included the
search terms ‘dynamic®, ‘trend*, ‘anomal®, ‘multi temporal’, ‘variability’, ‘spatial
pattern’ and ‘temporal pattern’. Based on these search terms and the restriction to the
publication from the year 2000, our initial search returned 8416 results.

e In the second step, we limited our search to studies to the English language, docu-
ment type to ‘article’ and ‘review” and to ‘open access’ studies (1 = 3728).

e After that, we limited our search to studies that matched with one of the following
WoS categories: ‘Environmental Sciences’, '/Remote Sensing’, ‘Geosciences Multidis-
ciplinary’, ‘Imaging Science Photographic Technology’, ‘Meteorology Atmospheric
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Sciences’, ‘Geography Physical’, "Ecology’ and ‘Environmental Studies’, resulting in
n = 2155 results.

We further excluded all studies that were additionally assigned to a WoS category,
which does not match our scope, e.g., ‘Engineering Electrical Elictronical” or “Micro-
biology’ (n =1616).

Based on the resulting 1616 studies, we analyzed the associated journals. We selected
14 journals based on the number of relevant studies and the impact factor of the jour-
nal and limited our search to these journals. The selected journals are displayed in
Table 1. The aforementioned filtering steps build up the final search string. The final
search string returned 1095 results, which were exported along with all WoS
Metadata, including the abstracts, and further analyzed manually.

Web of Science-Steps Manual Steps
WoS Search by N Filter by
Search Terms Title
y n=8416 n=273
y
L i % Filter by
e Abstract
ment Types/
Open Access |
v n=3278 v v
Results Results
Filter by Other Topics SUHI/Urbanization
WoS Categories n=79 n=124
\ n=2155 v
Exclude Publication Year
WoS Categories >=2018
n=1616
5 Final Results
Filter by A
Journal
n=1095

Figure 3. Flowchart of the literature selection process.

Table 1. List of the included journals and the corresponding count of reviewed articles.

Journal Title Number of Articles

REMOTE SENSING 116

REMOTE SENSING OF ENVIRONMENT

GEOPHYSICAL RESEARCH LETTERS

ENVIRONMENTAL RESEARCH LETTERS

INTERNATIONAL JOURNAL OF APPLIED EARTH OBSERVATION AND GEOINFORMATION

JOURNAL OF GEOPHYSICAL RESEARCH-ATMOSPHERES

EGYPTIAN JOURNAL OF REMOTE SENSING AND SPACE SCIENCES

FRONTIERS IN ENVIRONMENTAL SCIENCE

URBAN CLIMATE

(|| [V

JOURNAL OF CLIMATE
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CRYOSPHERE

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

ATMOSPHERE

=== =

ATMOSPHERIC CHEMISTRY AND PHYSICS

For the manual filtering, we first looked at the study titles and excluded all of the
studies that did not fit our scope. We proceeded by reading the abstracts of the remaining
273 studies. Thereby, we excluded 70 further studies and categorized the studies into one
group, covering the topics of SUHI and Urbanization (n =124) and another group covering
all of the other topics (1 =79). Because there are already two comprehensive reviews from
2018 covering the topic of SUHI [2,166], we decided to only consider SUHI-related studies
from 2018, reducing their number to 85. This leaves us with the final 164 studies, which
will be reviewed in detail in the upcoming sections.

3. Results
3.1. Temporal Devolpment of LST Dynamics Related Studies

Remotely sensed LST has been increasingly used to track climate and environmental
changes in recent years. This is also reflected in the increasing yearly number of articles;
we have found for this review (Figure 4). As described in Section 2, articles related to the
topic of SUHI resp. urbanization have only been analyzed for the period 2018-2022, while
articles covering all other topics were analyzed for the period 2000-2022. This explains the
significant increase in 2018. Additionally, it should be mentioned that this review only
covers articles up to August 2022, which explains the lower number observed in 2022.
Phan and Kappas [166] observed a steady increase in satellite-derived LST-related studies
between 2009 and 2017. This trend seems to have continued and accelerated in recent
years. Zhou et al. [2] observed a massive increase in articles studying the SUHI effect via
LST between 1973 and 2018, increasing from under five articles per year until 2005 to over
80 articles in 2017. Despite the fact that our number of articles covering this topic is lower,
which is probably due to our dedicated focus on LST dynamics, the growing interest in
SUHI and Urbanization in recent years can also be observed in Figure 4.

N w w B
w o ] o
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= N
(6,1 o
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,1’0

B Other Topics
Il SUHI (Surface Urban Heat Island)

o

* O .0
NAENCIREN
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A
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Figure 4. Number of reviewed studies per year. The number in 2022 is smaller because only studies
published before August 2022 were reviewed.
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3.2. Distribution of Study Countries and First Authors Affiliations

Figure 5a visualizes the frequency of the studied countries based on our reviewed
studies. For this map, global and continental studies were excluded, and studies analyzing
multiple countries were counted several times. The most studied country by far is China,
with 53 studies, followed by the USA, with 15 studies. Further countries with five or more
studies are India (8), Brazil (5) and Canada (5). Figure 5b shows the frequency of the na-
tionality of the first author’s institution affiliation per country. China and the USA are also
the most common author countries, with 69 and 16 affiliations, respectively. Germany and
the UK account for seven affiliations each, while India, Italy and Spain account for five
affiliations, respectively. It is remarkable that there is no European country under the most
studied countries, while there are four European countries assigned to the most common
author countries. The similarity of Figure 5a,b suggests that most studies investigate the
same country, which hosts the first author’s institution. In 50.7% of the reviewed studies,
the country of the first author’s affiliation was the same as the studied country. China is
almost exclusively studied by Chinese institutions (94.3%), and many of the studies car-
ried out in the USA were conducted by American institutions (60%).

[ |
0 1 3 5 8 10 16 53
(a)

Antartica )
Atrical2

E— |
0 1 3 5 8 10 17 69
(b)

Figure 5. Maps of absolute number of studies per country (a) and first author affiliations per country (b).
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3.3. Research Topics

In the following section, the research topics that were identified from the reviewed
articles are described. One or more topics were assigned to each study, and the studies
were then sorted into six spheres based on their thematic foci: “Atmosphere”, “Biosphere”,
“Cryosphere”, “Hydrosphere”, “Anthroposphere” and “Lithosphere” (Figure 6). More
than half of the studies (91, 55.4%) were focused on the Anthroposphere, of which 90 were
conducted in the context of Urbanization and SUHI, respectively. The second-most repre-
sented sphere is the Biosphere (42, 25.6%), where most studies linked general vegetation
dynamics with LST dynamics, followed by forest dynamics, droughts and wildfires.
Fewer studies focused on research topics assigned to ‘Atmosphere’ (26, 15.8%), ‘Cry-
osphere’ (13, 7.9%) and Hydrosphere (12, 7.3%). Only three studies were categorized into
‘Lithosphere’. It should be mentioned that several studies dealt with multiple topics,
which can even be assigned to different spheres; for example, studies dealing with general
vegetation dynamics also dealt with soil moisture dynamics [26,29], snow-and-permafrost
dynamics [29], droughts [24,25], urbanization [51], heat waves [20] and global warming
[15]. The next Sections 3.3.1-3.3.6 provide an overview of the topics and summarize the
links between LST dynamics and global change in each sphere.

Heat Waves (4) Geothermal Activities (1)
Global Warming (15) Volcanic and Seismic Activities (2)

Lake Surface Temperature (5)
| !
3

Soil Moisture Dynamics (7)
Wind Farms (1)

Atmosphere

Biosphere

Cryosphere
Hydrosphere

Anthroposphere
Lithosphere

Interannual Climate Variabilities (7)

General Vegetation Dynamics (20)

Forest Dynamics (12)

Droughts (5) Urbanization (90)

Wild Fires (5)

Snow/ Permafrost Dynamics (13)

Figure 6. Research topics of reviewed LST studies in the context of global change (number of studies
in brackets). Studies with more than one topic are counted several times. The outer circle shows the
proportion of studies per research topic, and the inner circle, the proportion per the respective
sphere.

3.3.1. Anthroposphere

The most drastic land cover change can be attributed to urbanization, where imper-
vious surfaces replace natural surfaces, e.g., evaporative vegetation and water area. This
transition has a significant impact on the urban climate, resulting in a temperature gradi-
ent between the urban area and its surroundings from the surface to the canopy level,
which is called the urban heat island (UHI) effect. The only way to measure and quantify
the UHI with remote sensing data is through the Surface Urban Heat Island (SUHI) effect,
which is the difference between the LST over urban areas relative to neighboring non-
urban areas [2]. In most cases, this difference is positive, which was also reflected in our
reviewed studies [64,66,67,81-83,85,93,98,102,110,124,128,129,133,137]. However, in arid
climates, where the non-urban environment is not covered by vegetation, it can also be
negative [75,76,132,139], which is referred to as an urban heat sink.

The intensity and spatio-temporal form of the SUHI vary from city to city. Several
factors have been described in the literature, such as the ratio of impervious surfaces to
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vegetation or water surface within the city, which is the most determining factor of the
SUHI [2,90,103,139,160]. Some of the reviewed studies emphasize the role of parks, forests
and lakes as a cooling factor for the cities affected by the SUHI
[64,74,79,81,94,97,100,102,105,106,110,123,125,129,131,138,141]. On the other hand, an in-
crease in SUHI intensity and hot day frequency can be directly attributed to increased
urban density [89,133,142,143,167,168]. A second factor is the urban landscape, where high
buildings and trees can have a shading effect on the thermal environment
[74,102,110,112,122]. Further factors are the reflective properties of the materials used in
the urban environment [88,100,112], climate [65,85,118,121,135,140], the size of the city
[96,142] and human activities, such as heating in winter [126,135]. Additionally, the SUHI
intensity and footprint underlies diurnal and seasonal variations [100], with higher inten-
sity during summer [143,169] and daytime [114,135].

The UHI effect can intensify the impact of heat waves on human health and is, there-
fore, a key topic in the domain of climate change research. Furthermore, the LST can be
used to quantify the heat stress inside urban areas, which is expected to be more severe in
the future due to global warming [2,160]. Wei et al. [133] reported an increase in hot day
frequency between 0.59% and 7.17% in global megacities between 2003 and 2020. For the
heat wave in June 2018, extreme LSTs were reported over Los Angeles county [95]. During
the heat wave in North America in 2021, the LSTs over several cities reached a record level;
however, the intensity of the SUHIs did not increase [85].

The global, continental or regional impact of SUHI on LST dynamics is hard to quan-
tify because the measured dynamics and intensity of the SUHI strongly depend on the
definition of the urban and nonurban reference and the time of observation. On the city
scale, the intensities of SUHI mostly range between 0 and 5 K
[73,80,83,98,126,128,135,168,169], but when comparing the LSTs of impervious surface ar-
eas or densely built-up core cities directly to vegetated areas on extremely hot days, the
differences can reach up to 7-15 K [72,73,125,142]. Regarding SUHI dynamics, it becomes
clear that the LST inside urban areas is increasing at a higher rate than outside the cities,
leading to an increase in the SUHI effect in the order of 0.4-0.7 K/decade [92,104,117]. The
study by Zhao et al. [145] for Zhengzhou City showed a warming rate in terms of LST of
2.72 K in the last three decades, which exceeds the global LST increase in the magnitude
of 0.03 K/year [170]. Regional studies in Hainan, China [68], over the Central Himalaya
[16], and in West Bengal, India [51], showed a direct link between urbanization and the
regional increase in LST. Ding et al. [71] proposed a phenology shift of nine days earlier
in spring and six days later in autumn, triggered by rapid urbanization and subsequent
LST increase. Therefore, urbanization can be seen as one of the main drivers of LST in-
crease, exceeding the local scale.

Chang et al. [171] analyzed the effects of wind farms on LST, concluding that wind
farms have a warming effect on nighttime LST, which is, however, weaker than the SUHI
effect.

3.3.2. Biosphere

The difference in the thermal properties of vegetated surfaces in comparison to bar-
ren areas can be attributed to three factors: first, vegetation usually has a lower albedo
than areas covered with soil, stone or sand, meaning that a bigger portion of the incoming
shortwave radiation from the sun is transformed, heating the surface. The second factor
relates to the complexity of the surface vegetation, leading to an increase in thermal iner-
tia. The third factor is the increase in evaporative cooling over vegetated areas, which is a
consequence of the active water cycle of plants.

In warm months, during the daytime, evaporative cooling is the dominant factor,
leading to a general cooling effect in terms of vegetation. This can be verified through the
negative correlation between different vegetation indices and LST; the negative relation-
ship between NDVI, EVI and LST was analyzed globally by [34]. Over North America,
NDVI and LST showed a strong negative correlation for the months from May to October
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[24]. Regional and local studies showed a negative relationship between NDVI, LAI and
LST in the USA [42], between NDVI and LST in Cyprus [45] and in India [51] and between
the Enhanced Vegetation Index (EVI) and LST in Vietnam [25]. Nill et al. [29] showed a
cooling of summer LST in the Arctic Mackenzie Delta Region (Canada), which was well
correlated with the large-scale wetting and green-up in this region. Sun et al. [24] state
that the cooling effect of vegetation during the daytime is much stronger than during the
nighttime.

During winter and spring, the relationship between NDVI and LST can be positive
because of the thermal inertia of the vegetation acting as temperature storage. A positive
correlation between NDVI and LST was, e.g., found throughout all European biomes by
[47] during the springtime (March-May), and also over North America during winter [24].
According to Karnieli et al. [47], the direction of the relationship between NDVI and LST
can be an indicator if energy (when the relationship is positive) or water (when the rela-
tionship is negative) is a growth-limiting factor. Therefore, with the cooling effect on a
warm background climate and the warming effect on a cool background climate, vegeta-
tion can be seen as a regulating factor of LST [172].

While the vegetation state shows a clear influence on the LST, LST itself, in turn, is
an important indicator to derive phenology parameters. One example is the derivation of
growing degree days (GDDs), which is the sum of days with a higher mean temperature
than 10 °C during the growing season [49]. LST-derived GDDs can be used to monitor
shifts in phenology, as carried out in [41] over South Korea.

The regulating effect of vegetation on LST is especially high in forests, which usually
have a higher surface roughness and evapotranspiration than open land. Generally speak-
ing, afforestation can increase the LST north of 45°N and reduce the LST south of 35°N in
the northern hemisphere [31]. Deforestation, on the other hand, had a warming effect on
the average trends, with an additional 0.28 K per decade in tropical regions and a cooling
effect on the average trends, with —0.55 K in boreal regions [37]. The impact of deforesta-
tion on global warming is particularly noticeable in tropical regions, where the wide trop-
ical forests are threatened by agricultural and urbanization processes. The decrease in
evapotranspiration and surface roughness, which are associated with LST warming,
mostly dominate the cooling effect of the increase in albedo. In East Africa, deforestation
caused a net warming effect on LST of 1.3 K between 2001 and 2013 [35]. In the Amazonas
region, LST increases due to deforestation have been reported from Xinga, Brazil [38], and
Caatinga, Brazil [36]. In South East Asia, increased LST could be measured up to 6 km
away from the forest disturbance site [33]. In Brazil, increases in maximum LST due to
forest loss were noticed even within a 50 km distance [32].

In the temperate climate zone, the relationship between forest cover and LST is more
ambiguous. For Europe, forests have a cooling effect on the daytime during warm seasons
and a warming effect on the day and nighttime during cold seasons. The cooling effect
dominates the warming effect, resulting in a net cooling effect across Europe, except for
the northeastern part. Tang et al. [31] also emphasize the importance of forests for temper-
ature regulation during heat waves. Their results suggested that above the background
temperature of 6.5 °C, forests have a cooling effect on LSTs. For Guangdong, China, it was
shown that forest gain has the potential to reverse the effects of forest loss on LST [30].

In boreal regions, wildfires are a bigger threat to the forest than anthropogenic activ-
ities. Fires transform forested or other vegetated areas into bare land and lead to an in-
crease in LSTs on the one hand and to an increase in LST seasonal and diurnal amplitude
on the other hand [28,52-55]. In return, the rise in LST increases the probability of fires,
building a self-reinforcing process [53]. In Siberia, Liu et al. [28] showed a net warming
effect of 0.325 K one year after a fire in an evergreen needleleaf forest, resulting from
strong summer warming and weak winter cooling in the affected areas. For deciduous
forests, the net warming was much lower (0.0728 K) because of a much weaker warming
effect in summer. While the warming effect in summer can be attributed to a decrease in



Remote Sens. 2023, 15, 1857

12 of 34

evapotranspiration, the cooling effect in winter is dominated by the increase in albedo,
also partly because open land tends to be more often covered with snow than forest.

Droughts are characterized by abnormal vegetation and surface moisture states and
have a huge impact on the LST. During droughts, the precipitation shortage leads to a re-
duction in soil moisture and, as a consequence, to a reduction in vegetation water availabil-
ity. Once the soil dries out, the evaporation process stops and LST increases. Additionally,
plants close their stomata to reduce water loss through transpiration, and this closure leads
to a rise in canopy temperature [22]. Therefore, LST is a key parameter to assess the spatio-
temporal extent and the severity of droughts. Several indices exist that use LST and vegeta-
tion parameters to describe water stress, e.g., the Temperature Condition Index [173], the
Vegetation Temperature Condition Index [174], and the Normalized Difference Tempera-
ture Index. A detailed description of these indices is out of the scope of this review and it is
provided by AghaKouchak et al. [164]. Droughts usually result in an increase in LST; for
example, over the Mekong River Delta [25]. Forests can buffer this effect because trees have
access to deep soil water and can, therefore, maintain transpiration [21].

3.3.3. Atmosphere

In addition to land cover changes, which lead to LST changes within a short time, long-
term trends of LST can provide deep insights concerning the climate change of our planet.
While the difference between instantaneous LST and air temperature can be high, there is a
strong agreement in long-term trends between these two variables [155,175]. This, and the
fact that thermal remote sensing data have been around for decades now, make LST a valu-
able resource for measuring global warming. Sobrino et al. [4] analyzed the global surface
temperature between 2003 and 2016, concluding that there is a positive global LST trend of
0.03 K/year, which is more than twice as high as the global SST trend (0.013 K/year). Espe-
cially strong LST warming can be observed in the Northern latitudes [4,15]. Further hotspots
are the USA, northern Brazil and Patagonia [4]. Negative LST trends can be observed over
Arabia, India, China, Australia and Antarctica [4,15]. The LST cooling over Antarctica can
possibly be attributed to the Ozone hole [15]. NourEldeen et al. [12] analyzed LST trends
over Africa between 2003 and 2017 and observed significant warming trends in the winter
season, May and September. Abera et al. [35] equally observed positive and negative LST
trends over East Africa during the daytime and consistent positive trends during the
nighttime. In general, nighttime LST trends are lower but more consistent than the daytime
trends [3,5,12,13,16]. Furthermore, they are more consistent with the air temperature be-
cause LST and air temperature decouple at higher temperatures [176]. Therefore, global
warming is more pronounced at nighttime LST trends than during the day [3]. In addition
to global warming, interannual climate variabilities, such as the EI-Nino-Southern Oscilla-
tion (ENSO), the North Atlantic Oscillation (NAQO), the Pacific Decadal Oscillation (PDO) or
the Pacific North American Pattern (PNA), are reflected in the LST time series. Abbas et al.
[6] observed a significant influence of NAO, ENSO and PDO on anomalies of mean LST
over the Tarim Basin in Northwest China. Over Alberta, Canada, the PNA had the greatest
influence on LST; however, none of the relationships between atmospheric oscillations and
LST warming were significant [9].

Similar to droughts, heat waves are extreme climatic events that have severe impacts
on a wide range of societal and environmental domains. They are linked to increased mor-
tality rates, stress on animal populations and ecosystems and a higher probability of en-
ergy infrastructure failures [19]. The occurrence of heat waves has increased in recent dec-
ades due to climate change. Examples are the European heat wave in 2003 [177], the Rus-
sian heat wave in 2010 [178] and the heat wave in Western North America in 2021 [179].
Despite there being no clear definition of heat waves, most studies consider heat waves as
a consecutive number of days where temperatures are hotter than the climatological mean
of this period. Heat wave metrics, therefore, are mostly based on positive LST or air tem-
perature anomalies in the warm season. Agathangelidis et al. [19] showed that, for the
Mediterranean region, there is a high coincidence rate between heat wave days, detected



Remote Sens. 2023, 15, 1857

13 of 34

with air temperature station measurements and LST anomalies. The match percentage
was lower on the first days of the heat wave and increased as the heat wave evolved. Dur-
ing the study period between 2002 and 2020, they noticed an increase in positive LST
anomalies of 1.35 days/10 years during the daytime and 1.64 days/10 years during the
nighttime, which was in line with the increase in heat wave days. Major events, such as
the European heat wave in 2003, could be clearly detected from the number of LST anom-
aly days [19]. The global analysis of yearly maximum LST by Mildrexler et al. [180]
showed spatially continuous patches of positive LST anomalies over Europe in 2003 and
Siberia in 2010, which corresponds to the reported heat waves. Albright et al. [18] analyzed
the impact of heat waves on the avian community in the central USA using MODIS LST
and Ta measurements. They concluded that heat wave models based on LST provide more
ecologically relevant information because they are an indicator of both temperature and
vegetation conditions.

3.3.4. Cryosphere

In the cold regions of the world with high latitudes and high elevations, climate
change becomes particularly visible through the melting of glaciers, permafrost degrada-
tion and changes in the snow season. All of these processes lead to rapid changes in LSTs,
for which reason high LST dynamics can be found in these regions. The global evaluation
of MODIS LST between 2003 and 2016 showed that the LST trend for the high latitudes of
the Northern Hemisphere was almost twice as high as the global trend [4]. Higher warm-
ing rates for higher elevations have been found in many mountain regions [165]. Zhao et
al. [16] reported increasing warming rates with higher elevations for the central Himala-
yan region. Pepin et al. [61] and Ran et al. [62] found that warming rates peak at around
5000 m, which corresponds with the elevation of the snow line retreat. However,
Choudhury et al. [59] report decreasing LST trends for the Northwest Himalaya region,
which correspond with the increase in snow cover area in this area.

LST is a direct indicator of the distribution of permafrost. Langer et al. [58] showed
that the LST time series over the Lena Delta in Siberia is suitable for modeling the evolu-
tion of the Permafrost state when the snow conditions are correctly estimated. The degra-
dation of permafrost was analyzed in North East China [63] and the source region of the
Yellow river on the Tibetan Plateau [57] with the ground surface freezing index (DDF),
which is the number of days with LSTs below 0 °C. Batbaatar et al. [56] mapped the per-
mafrost with the ‘zero curtain’ phenomenon, which describes the freezing and thawing
phase of the ground in spring and autumn, where LST remains around 0 °C.

3.3.5. Hydrosphere

In addition to albedo and surface roughness, the water content of the surface is a critical
parameter that determines its thermal behavior. Water changes the energy balance of the
land surface and increases its thermal inertia. This reduces the diurnal as well as the annual
amplitude of LST [161]. LST is a key indicator of soil moisture status and, therefore, widely
used to detect water stress and droughts [22]. For that, either LST inertia is used, which can
be obtained from multiple LST measurements per day (e.g., at sunrise and sunset), or the
normalized difference temperature index (NDTI) is computed, which relates the actual LST
to hypothetical LST values in extreme wet and dry states. These extreme LSTs can be ob-
tained from the energy balance principle [161]. Over vegetated areas, the canopy tempera-
ture can be an indicator for soil moisture because an increase in canopy temperature indi-
cates less evapotranspiration, therefore, water stress and decreased soil moisture. This con-
nection is expressed through the Crop Water Stress Index [161]. A European-wide study by
Cammalleri et al. [22] showed that LST anomalies are a good proxy for the soil moisture
status. A local study over the Duero river basin in Spain showed a strong negative correla-
tion between maximum LST and soil moisture in summer, autumn and spring, while in
winter, there is a decoupling between soil moisture and LST [23].
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In addition to droughts, declining wetlands, driven by climate change and anthropo-
genic transformation of land cover, have a noticeable impact on global LST dynamics. Wu
et al. [27] stated that, in tropical regions, wetlands have a cooling effect, while in boreal
regions, wetlands have a warming effect. The expansion of rice fields in the Sanjiang Plain
in northeastern China, on the other hand, showed a significant cooling effect on LST for
this region [26].

Another topic related to the LST is the lake surface water temperature (LSWT).
Changes in LSWT are a valuable resource for tracking climate change. On the other hand,
they can alter a lake’s biological productivity and greenhouse gas emissions [181]. The
assessment of LSWT in Nevada and California showed that the change rates are an order
of magnitude higher than the global SST trend and about as twice as high as the regional
air temperature trend [14]. Mostly decreasing LSWT trends were found over the Tibetan
Plateau [182] and the North American Great Lakes [183].

3.3.6. Lithosphere

While the previously discussed topics are well-established applications of LST, only
a few studies can be found using LST to describe processes in the Lithosphere. Further-
more, these studies seem to have more of an experimental character. The relationship be-
tween LST and volcanic activity was analyzed by Caputo et al. [184], while Blackett et al.
[185] explored LST as a predictor of earthquakes. However, both studies found no evi-
dence that these processes are connected to LST dynamics. Nevertheless, Silvestri et al.
[186] successfully detected geothermally active areas with Landsat LST.

3.4. Employed Sensors

Figure 7a displays the number of studies per sensor system or sensor system combi-
nation. The most commonly used sensor system in our reviewed studies was the MODIS,
with 86 (52%) studies using it, using MODIS as a single data source, and an additional 12
(7%), which used MODIS in combination with other sensors. This is in line with the results
of Phan & Kappas [166], which not only identified MODIS as the most common thermal
sensor but also observed a steady increase in publications related to MODIS LST between
2009 and 2018. The MODIS is onboard the satellites Terra and Aqua, which were launched
in 1999 and 2002. With both satellites, MODIS provides a very high temporal resolution
(four times a day) combined with a medium spatial resolution (1 km in the thermal chan-
nels) for quite a long period (>20 years), which makes it popular for time series studies
from the regional to the global scale. Another reason for its popularity is its wide range of
freely available quality checked and validated products, which are not only limited to
thermal products.
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Figure 7. Number of reviewed studies per sensor system or sensor system combination (a) and num-
ber of studies per sensor system in each research sphere (b) (studies with sensor combinations or
multiple research topics were counted several times for this figure).
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After MODIS, the sensors from the Landsat family are the second-most commonly
used in our reviewed studies, with 55 (34%) studies using Landsat as a single data source
and an additional 11 studies (7%) using Landsat in combination with other sensors. The
Landsat mission comprises eight successful generations of satellites (Landsat 1-9; Landsat
6 failed), of which five generations (from Landsat 4) carried thermal sensors. Landsat 4-5
carried the Thematic Mapper (TM), Landsat 7, the Thematic Mapper Plus (ETM+), and
Landsat 8 and 9, the Thermal Infrared Sensor (TIRS). The spatial resolutions of the thermal
Landsat data are relatively high, with 120 m (TM), 60 m (ETM+) and 100 m (TIRS); how-
ever, the temporal resolution is quite low, with a revisit time of 16 days. The Landsat mis-
sion has provided thermal remote sensing data since 1982, which is the longest time series
of this kind besides AVHRR. Since 2008, the Landsat archive has been freely accessible to
scientists [2].

Rarely, other sensors were used. We counted three studies each for ASTER and
ECOSTRESS, two studies each for GOES, ATSR and AVHRR and one study for AATSR
counting in the studies, which used these sensors in combination with other sensors.
Mounted on a geostationary satellite, GOES provides a high temporal (3 h) but a low spa-
tial resolution (4 km). Similar to MODIS, ASTER is mounted on the Terra satellite and
combines a similar high spatial resolution as Landsat (90 m) with the high temporal reso-
lution of MODIS (twice daily). However, until 2016, ASTER data were chargeable, which
prohibited their wider use [2]. The ATSR on the ERS-1 and 2 satellites and its successor,
AATSR on ENVISAT, only provide a low temporal resolution (35 days), wherefore their
thermal data are mostly used for SST. ECOSTRESS is a relatively new sensor (in orbit since
2018) and therefore provides only a short time series. The AVHRR on the NOAA satellites
combines the high temporal resolution of MODIS with a long time series (the first LST
products have existed since 1981), providing a valuable data source to quantify long-term
processes, such as climate change. However, the 16 generations of satellites have different
overpass times and experience orbits, meaning that it is difficult to create a harmonized
LST time series [157,187-189]. Fifteen of the reviewed studies (9%) used a combination of
sensors, whereby more than half of them used the combination of MODIS and Landsat.
This combination can supplement the high temporal resolution of MODIS with the high
spatial resolution and the long time series of Landsat; however, upscaling or downscaling
methods are necessary to integrate the different spatial resolutions.

Figure 7b shows the number of studies per sensor system in each research sphere.
For all research spheres but Anthroposphere, MODIS LST is by far the most commonly
used data source. The increased use of Landsat LST in the context of SUHI and Urbaniza-
tion can be explained by the high spatial variability of the urban landscape, which neces-
sitates the high spatial resolution of Landsat. Furthermore, in many studies in this re-
search field, the focus is more on the quantification of the LST difference between the ur-
ban and non-urban areas than on temporal dynamics. In these cases, a high spatial reso-
lution outweighs frequent measurements, and observations are often multitemporal at in-
tervals of several years. Examples of this are the studies by [117,123,124,130,167]. The re-
viewed studies, which used Landsat data in a non-urban context, were mostly on the local
scale, benefiting from Landsat’s high spatial resolution.

3.5. Spatial Scale and Resolution of Reviewed Studies

Figure 8a shows an overview of the spatial resolutions in our reviewed articles. The
distribution of the spatial resolution reflects the employed sensors of the corresponding
studies. Nearly half of the studies (77, 47%) were conducted with a medium resolution,
which is the original resolution of MODIS LST. Only two of these studies did not use
MODIS LST, namely Ouyang et al. [190], who used AATSR LST to analyze local LST trends
over the Heihe River Basin in China, and Hrisko et al. [65], who used GOES LST to analyze
LST trends over major US cities. After medium resolution, the second-most reviewed
studies (57, 35%) used high-resolution LST, which comprises the original resolution of
Landsat, ASTER and ECOSTRESS. Fifty of these studies used Landsat LST, while two
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studies used ECOSTRESS, one study used ASTER, and another two studies used a com-
bination of ASTER and ECOSTRESS. Forty-eight (81%) of the studies, which used high-
resolution LST, were in the context of SUHI. The remaining studies were conducted in the
context of heat waves [20], general vegetation dynamics [20,29,49,51], wildfires [54], per-
mafrost [29], lake surface temperature [191], soil moisture dynamics [29], volcanic and
seismic [184] and geothermal activities [186]. Twelve studies (7%) used a medium-high
resolution, which mostly results from a fusion of multiple data sources, e.g., MODIS and
Landsat [85,102] or different Landsat generations [104]. Sixteen (9%) of the reviewed stud-
ies used a medium-low resolution, of which 11 studies [4,5,8-10,12,15,18,28,34,37] used
the MODIS LST composites from the MOD11C*/MYD11C* product suite. These products
are especially convenient for global- or large-scale studies because they provide global
coverage on a 0.05° grid. Equally, the studies that used a low spatial resolution were con-
ducted on global [10,140], continental [24], or large regional [3,42] scales.
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Figure 8. (a) Distribution of applied spatial resolutions of the reviewed studies. The spatial resolu-
tions are classified into High (30-120 m), Medium-High (120-1000 m), Medium (1000-4000 m), Me-
dium-Low (4000-10,000 m) and Low (>10,000 m). (b) Distribution of the spatial scales of the re-
viewed articles. The scales are classified into local (<15,000 km?), regional small (15,000-250,000
km?), regional large (>250,000 km?), continental (including one or multiple continents) and global.

Concerning the spatial scale, almost half of the studies (79, 49%) were conducted on
alocal scale (Figure 8b). Fifty-five of the local studies were concerned with SUHI, whereby
these studies mostly analyzed the SUHI of one certain city. Nine local studies were found
in the context of general vegetation dynamics, which were case studies analyzing the in-
teraction between vegetation and LST over a small region. Out of the five studies dealing
with wildfires, four were also conducted on a local scale. The second most analyzed scale
is the ‘regional large’ scale, with 38 (23%) studies. The studies from this category were
mostly conducted on a national scale for large countries (USA, China, India) or were
multi-national. While again, the most studied topic in this category is SUHI (17 studies),
topics from the sphere of ‘Atmosphere” were overrepresented (eight studies). These stud-
ies include the examination of the Mediterranean and North American heatwaves [18,19]
and climatological long-term trends over east Africa [3] and the Tibetan Plateau [61]. The
third most-studied spatial scale is regional small’ (21 studies, 13%). These studies mostly
analyzed LST dynamics for smaller countries (e.g., Nepal, Vietnam, South Korea) or lim-
ited regions within, e.g., China. Again, almost half of the studies (10) in this category were
in the context of SUHI. The second-most addressed research sphere in this category is the
‘Biosphere’ (six studies), including the assessment of spring phenology changes in South
Korea [41], the analysis of drought dynamics in the Mekong River Delta [25] and the anal-
ysis of deforestation effects in Southern Amazonia [38]. Only 14 studies (9%) were con-
ducted on a global scale, and even fewer (nine studies, 6%) were conducted on a continen-
tal scale. Within the continental studies, the most studied continent by far is Europe (six
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studies). These studies cover different topics, e.g., Tang et al. [31] studied the effects of
forests on LST, while Cammallieri et al. [22] analyzed the relationship between LST and
the soil moisture status and Green et al. [66] mapped the LST dynamics of urban areas.
Further, continental studies investigated the NDVI-LST relationship in North America
[24], the SUHI effect across South America [135] or long-term trends of LST over Africa
[12]. On the global scale, studies investigating the relationship between vegetation and
LST [15,34,37,40] and studies in the context of global warming [4,5,15] dominate. How-
ever, there are also four global studies in the context of SUHI [118,121,133,139] and one
study investigating the global effect of wetlands and LST [27]. Almost no global or conti-
nental study employed a high or medium-high spatial resolution.

3.6. Temporal Scale and Resolution of Reviewed Studies

Figure 9a shows the distribution of the temporal resolutions of our reviewed studies.
The majority of the studies (108, 67%) analyzed an LST time series, probably owing to the
dedicated focus of this review on LST dynamics. However, not a small part of the re-
viewed studies (45, 28%) were conducted with multitemporal time steps, whereas only a
few studies used bitemporal (four, 2%) or monotemporal (five, 3%) resolution. The mon-
otemporal, as well as the bitemporal studies, were exclusively conducted in the context of
SUHL Four of the monotemporal studies analyzed the influence of urban features (build-
ing height and proximity of vegetation and buildings [74], the presence of green spaces
[131,138] and construction sites [128]) on LST, while one monotemporal study examined
the relationship between long-term mean urban LST and long-term mean precipitation
[140]. The bitemporal studies are concerned with urban green spaces [106], the SUHI effect
in desert megacities [107], the effects of land use on SUHI [94] and the assessment of urban
renewal processes [113]. For the multitemporal category, the SUHI studies dominate,
making up 34 of the 45 studies. However, here we also found some studies with other
research topics, e.g., in the context of heat waves [20], forest dynamics [30,36], general
vegetation dynamics [42,48,51], wildfires [54,55] and LSWT [191].
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Figure 9. (a) Distribution of temporal resolutions of the reviewed studies. The temporal resolutions
are classified into Monotemporal, Bitemporal, Multitemporal (3-10 time steps OR >10 time steps
with irregular revisit times) and Time Series (>10 time steps AND constant revisit times) (b) Distri-
bution of time series frequency of the studies, which are employing a time series (c) Distribution of
time series length of the studies that employed a time series.
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While in the mono-, bi- and multitemporal categories, most studies use Landsat LST,
in the time series category, MODIS is the most common sensor. Figure 9b depicts the dis-
tribution of the time series frequencies in the 108 studies that employ an LST time series.
The most common frequencies are daily (26 studies, 24%), weekly (28 studies, 26%) and
monthly (27 studies, 25%), which are at the same time as the temporal resolutions of the
freely available MODIS LST composites products MOD/MYD11C1, 2 and 3. Nineteen
studies used either a quarterly, annual or multiannual temporal resolution. Most of these
studies either employed a long time series [46,91,119] or conducted their study on a global
or large spatial scale [4,15,28,33,93]. The low temporal resolution here was probably em-
ployed to keep the amount of data computational.

Figure 9c shows the distribution of the time series length for all studies that employ
an LST time series. The time series length ranges from under a year to 57 years. The me-
dian length is 14 years. Looking at the study periods in Figure 10, the majority of the time
series studies start around the year 2000, which corresponds with the launch dates of the
Terra (1999) and Aqua (2002) satellites carrying the MODIS sensor. Despite the time series
length tending to increase with the publication date, most of the study periods are shorter
than 25 years. To be exact, 54% of the time series studies had a study period shorter than
15 years, 88% had a period shorter than 20 years, and 93% had a period shorter than 30
years. The studies with a time series longer than 25 years either used Landsat LST
[29,45,46,91,119,192] or extended their MODIS time series with air temperature records
[62] or simulated LSTs from meteorological data [17].
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Figure 10. Investigated study periods (x-axis) for every reviewed study employing a time series. The
y-axis visualizes the year of publication. The colors represent the employed sensors. Studies em-
ploying multiple sensors are displayed several times.



Remote Sens. 2023, 15, 1857

20 of 34

Figure 11 also displays the study periods of the time series studies but with this time
categorized by their covered research spheres. Two things become visible: First, observing
the y-axis, the research spheres are quite evenly distributed, and there is no trend notice-
able concerning a certain research sphere. The few long-term time series studies were not
limited to one research sphere but were conducted in almost all different research spheres
except the lithosphere.
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Figure 11. Investigated study periods (x-axis) for every reviewed study employing a time series. The
y-axis visualizes the year of publication. The colors represent the research spheres covered by the
studies. Studies covering topics from multiple research spheres are displayed several times.

3.7. Methods Used for the Analysis of LST Dynamics

The following section provides an overview of the most important methods for the
analysis of LST dynamics from our reviewed studies. For our analysis, the methods have
been sorted into the categories of spatial LST analysis and temporal LST analysis. The
methods for the spatial analysis have been further classified into methods concerned with
spatial anomalies and the spatial regression between LST and other variables. The meth-
ods for the temporal analysis have been further classified into methods for the preparation
of the LST time series, the analysis of linear temporal trends, the analysis of temporal
anomalies and the analysis of the temporal regression between LST and other variables.
Several studies employed methods for spatial and temporal analysis, e.g., first quantifying
the magnitude of SUHISs, and in the second step, observing their temporal trends.
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3.7.1. Spatial LST Analysis

Analysis of Spatial Anomalies: Usually, LST values follow the order of Gaussian or
T-distribution in the spatial as well as the temporal dimension [1]. To be defined as a spa-
tial anomaly, a spatially connected pattern of LST must fulfill two criteria: First, it must
deviate from the spatial average of neighboring pixels (reference area) within a defined
area to a certain degree. Second, it should have a certain spread to distinguish it from an
outlier [1]. A typical example of a spatial anomaly is the SUHI. The most straightforward
way to quantify a spatial anomaly is to relate the LST within the spatial anomaly to the
LST of the reference area, e.g., by subtracting the mean LST of the rural reference from the
mean LST of the urban area [118]. However, in this case, the definition of the urban and
the rural reference area is crucial [88,119,146]. An alternative to employing fixed urban
extents is the statistical derivation of the urban area by analyzing the decay of LST from
the urban center and then automatically calculating a threshold to delineate the urban
area [114]. Related methods are the Gaussian surface model and the kernel convolution
method [2].

Spatial Regression between LST and other Variables: Several studies analyzed the
relationship between LST and other variables by regressing observations of LST with ob-
servations of these variables from the same location and time. The regression analysis al-
lows assumptions about how a certain variable is influencing LST, e.g., from the negative
relationship between NDVI and LST [42], the cooling effect of vegetation can be derived.
The correlation between LST and the respective variable is often described by the correla-
tion coefficient (R) or the coefficient of determination (R?), which are measures of the
strength of the correlation and a linear equation describing the direction of the relation-
ship. To analyze the relationship between multiple variables (e.g., LST, ET and albedo), a
multiple regression model can be applied [35]. In addition to classic statistical methods,
machine learning techniques have also been employed to analyze influencing factors on
LST, e.g., the Random Forest model [6].

3.7.2. Temporal LST Analysis

LST Time Series Preparation: Because of the significant influence of solar radiation
on LST, LST time series mostly have a seasonal signal. To derive time series statistics as
anomalies or the linear trend one must account for this seasonal signal. One method is to
decompose the time series into its components of seasonality, randomness and trend,
which is the additive seasonal decomposition by moving average. This method was ap-
plied by [45] to monthly Landsat LST. Another method to account for seasonality is the
derivation of annual statistics by employing an annual temperature cycle model, which is
usually described by three or five parameters [1]. A three-parameter model was applied
by [16]. A further possibility to deal with the problem of seasonality is the calculation of
monthly climatologies, e.g., carried out by [35]. Another common problem is missing LSTs
due to cloud contamination. Missing LSTs can be either interpolated from temporal neigh-
boring pixels [34] or spatial neighboring pixels [12]. However, already in the introduction,
the clear sky bias was mentioned, referring to the problem that remotely sensed LST de-
rived under clear sky conditions is not representative of all-weather conditions. None of
the reviewed studies employed respective LST correction terms to account for the differ-
ence between clear-sky LST and LST under clouds [154].

Analysis of Linear Temporal Trends: One of the most analyzed properties of an LST
time series is the linear temporal trend. The linear trend in LST indicates the uniform
change in LST within a certain time period and, therefore, also allows for the prediction
of LST dynamics in the future. Two different methods are used to measure the linear trend:
The most straight-forward method is the ordinary least square regression between LST
and time. The ordinary least square regression minimizes the sum of squared residuals
for the linear model. The advantage of this method is its simplicity. However, it is quite
sensible to outliers. A more robust method is the Theil-Sen Estimator, which first
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computes the slopes of all lines through pairs of points and then calculates the median of
these slopes. The Theil-Sen Estimator is often used together with the Mann-Kendall Test,
which determines if a trend is significant regarding a certain significance level indicated
by the p-value. This is important to translate the statistical trend, which also could be a
random result, into meaningful statements. The lower the p-value, the higher the signifi-
cance level. In our reviewed studies, the p-values were either set to 0.1 (low significance)
[34], 0.05 (medium significance) [6,12,16] or 0.01 (high significance) [5]. Linear temporal
trends of LST have been analyzed for various regions and on various scales; for example,
least square regression has been used to derive global land surface temperature trends in
the context of global warming and vegetation dynamics by [15,170]. The Theil-Sen Esti-
mator, together with the Mann-Kendall Test, has been used to derive LST trends over
Africa [12], the Himalaya [16] and Northwest China [6], over global deserts [5] and glob-
ally [4,34].

Analysis of Temporal Anomalies: Analogous to the spatial anomaly, a segment of an
LST time series must fulfill two criteria to be defined as a temporal anomaly: First, it must
deviate from the moving average of the time series to a certain degree, which is usually
determined by the variance of the LST values around this moving average. Second, it
should last for a range of time to not be considered an outlier [1]. Typical applications of
positive LST anomalies are the quantification of heat waves and droughts: Albright et al.
[18] derived several heat wave metrics from positive LST anomalies, while Agathangelidis
et al. [19] correlated heat wave days measured with air temperature with positive LST
anomalies. Cammallieri et al. [22] found that LST anomalies are a good proxy for soil
moisture status and, therefore, a valuable indicator for droughts. Muster et al. [60] used
temporal LST anomalies to detect changes from vegetated to barren land over Northern
Canada.

Temporal Regression between LST and other Variables: In addition to regression be-
tween LST and other variables at the same location and time (spatial regression), the time
series between LST and other variables can be compared; for example, LST dynamics have
been analyzed with respect to vegetation indices [15,34,39,193], albedo and heat fluxes [3]
and atmospheric oscillations [6,17]. Common time series features can be observed visually
on the one hand [6] and quantified by statistical measures on the other hand. To link the
time series of LST to the time series of one or multiple other variables, either observations
for the same period can be correlated or time series models can be applied, and the result-
ing models can be compared afterward. Song et al. [15] used Pearson’s correlation coeffi-
cient to correlate LST observations and NDVI observations from the same year. If there is
an expected time lag between the determining and the responding variable, e.g., for the
response of LST to drought indices [45], this can be analyzed via cross-correlation, which
correlates observations of LST with the drought indices of previous months. Amantai et
al. [17] applied wavelet functions to the time series of LST, wind speed and relative hu-
midity before comparison to overcome different time scales and frequency ranges. Andro-
nis et al. [45] used the BFAST model to cross-check abrupt changes in the trend lines of
LST and NDVL. If the effect of one special variable on LST should be isolated, it is some-
times necessary to control the effects of other continuous variables. This was performed
using covariance analysis by Caioni et al. [21] and partial correlation by Song et al. [15].
Abera et al. [35] subtracted a climate background signal from LST change to isolate defor-
estation effects on LST. [33,119] compared LST trends for pixels affected and unaffected
by deforestation for the same problem.

4. Discussion
4.1. The Need for LST Time Series Studies in the Context of Global Change
After filtering our WoS search terms, English language, open access and WoS cate-

gories, our search returned 1095 results (Figure 3). However, only the minority of these
results (203 studies) eventually fit the scope of our review by analyzing LST dynamics in
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the context of global change. The majority of the LST-related studies we have found were
either concerned with the validation of LST retrieval methods, the validation of LST fusion
and reconstruction models or the validation of air temperature derivation from LST. While
validation studies are necessary, especially from the point of view of climate-change-re-
lated studies, which require a high accuracy and stability of LST [148], the use of existing
remote sensing LST datasets to study global change processes should be extended. Alt-
hough the majority of our reviewed studies employed an LST time series, a significant
number of studies analyzed mono-, bi- or multitemporal LST measurements (Figure 9a).
While these snapshots can reveal spatial patterns, e.g., the magnitude of SUHI, they are
often not representative of the diurnal and seasonal variations of LST. High temporal res-
olution time series are therefore recommended to analyze this in the temporal dimension’s
highly fluctuating variables.

4.2. Dominance of the MODIS Sensors for LST

The investigation of the sensor systems, which were employed in the reviewed stud-
ies, showed that MODIS is by far the most popular sensor system for the investigation of
LST dynamics. The reasons for its popularity are its high temporal resolution, its constant
revisit times and the wide range of freely available, quality-checked and well-validated
products. However, the National Aeronautics and Space Administration (NASA) an-
nounced that MODIS will be decommissioned in the upcoming years. The designated suc-
cessor of MODIS is the VIIRS sensor which has been in orbit on NASA’s Suomi NPP sat-
ellite since 2011 and on the NOAA 20 satellite since 2017. However, our results suggest
that VIIRS LST is not yet used in the LST research community. This will probably change
after the decommission of MODIS. Because the Terra and Aqua satellites carrying the
MODIS sensor were launched in 1999 and 2002, the MODIS LST time series today is lim-
ited to 22 years. However, study periods should be ideally longer than 30 years to make
climate-relevant statements [187].

One sensor, with a similar temporal and spatial resolution as MODIS but longer op-
eration time (from the early 1980s), is AVHRR. Because of its similarities to MODIS in
terms of acquisition conditions, it is a candidate for the extension of the MODIS LST time
series. However, the AVHRR has been mounted on 15 different satellites with different
observation times. Furthermore, a number of these satellites are experiencing orbit drift,
meaning that during their lifetime their equator-crossing times shift from noon toward
the evening. The effects of daytime shifts and orbit drift on AVHRR LST have to be cor-
rected before generating a time series. Several attempts have been made for the daytime
correction of AVHRR LST, which can be grouped into statistical [156-158] and physical
approaches [188,189,194]. While the statistical approaches have not been used to create a
large-scale LST dataset yet, physical approaches have been used to create two global
AVHRR LST datasets [188,189]. However, the applied correction was either carried out on
a very coarse scale [189] or the LST time series still shows still effects of the orbit drift effect
and sensor transitions [188]. A reliable and full-scale daytime correction of AVHRR LST is
an open subject of research and would be a significant step toward LST-based climate
change research.

4.3. Applicability of Remotely Sensed LST for Climate-Relevant Studies

Regarding the applications of LST in this review, it was found that the majority of the
studies analyzed land surface dynamics (urbanization, general vegetation dynamics, for-
est dynamics, snow and permafrost dynamics), while a smaller number analyzed climate-
change-related topics (global warming, heat waves, droughts, interannual climate varia-
bilities). In the latest IPCC report from 2022, only near-surface air temperature and sea
surface temperature (SST) are incorporated to quantify the increase in Global Mean Sur-
face Temperature (GMST) [195]. However, with its spatial continuity, remotely sensed LST
has a clear advantage over the sparsely measured air temperature. In addition to the
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aforementioned limited length of the LST time series, three other topics should be ad-
dressed to achieve better integration into the climate research community:

e  All of the analyzed LST time series in our reviewed studies did not represent all-
weather but only clear-sky conditions. However, to fully capture climate change, it is
important to also have a reliable representation of LST under cloudy conditions.
Missing LSTs due to cloud gaps are often filled with the help of spatial or temporal
neighboring clear-sky pixels and auxiliary variables, such as elevation, NDVI or al-
bedo [153,154]. For this approach, the difference between clear-sky LST and LST un-
der clouds should be accounted for with a correction term, which can be derived from
shortwave radiation data [1]. Another possibility would be the use of in situ LST,
which is also available for cloudy conditions. A third possibility is the use of Passive
Microwave (PMW) LST, which is not affected by clouds but has a low accuracy and
spatial resolution [1].

e  The time series of LST is an independent source of information about climate change.
Therefore, long-term time series from different sensors should be compared between
each other but also with other data sources, such as air temperature time series from
weather stations and reanalysis data. The comparison between the global MODIS
LST trend and the trend of ERA 5 reanalysis LST showed good accordance in the
magnitude as well as in the spatial distribution [10]. Another study by [175] com-
pared daily LST anomalies derived from the CCI LST datasets with daily air temper-
ature measurements and also observed good accordance. These kinds of studies
show that remotely sensed LST is a reliable information source for climate change
studies.

e  Tobe used in climate studies, LST datasets require high accuracy and stability [148].
While many LST data sets are well validated over homogenous sites (especially de-
sert, grasslands or agricultural sites), LSTs over heterogenous sites, especially with
urban or forest land cover, are not well validated. Although it is challenging to over-
come the different spatial resolutions and angular effects of in situ and remote sens-
ing LST at those sites, the validation should be extended for those.

4.4. Discussion of the Study Areas

The focus of LST dynamics studies in China and the USA can be attributed to the
high number of SUHI studies in these countries, especially in China, where there is a high
number of scientists publishing in that field, which are mostly analyzing cities in their
own country [2]. While China has one of the highest global urbanization rates, there is a
lack of studies, especially in South America and Africa, which are also strongly affected
by urbanization [2]. Regarding all of the reviewed articles, no continental study was found
for Asia and Australia. The distribution of the study areas showed, continental and global
studies aside, that there are no studies for Australia, large parts of Africa and Central Asia
and also some areas in South America. However, some of these regions are of special in-
terest regarding LST, e.g., the global study by [4] showed local hot spots of warming over
Patagonia, while Australia seems to be experiencing an LST cooling.

4.5. Limitations of This Review

In this review, the focus was put on the applications remotely sensed LST in the con-
text of global change. A total of 164 articles from 14 international journals were analyzed.
We are aware that other relevant studies may have been published in journals pertaining
to particular applications or having a broader scientific scope. After filtering by the key-
words presented in Section 2, our WoS search returned 1024 results. We further filtered
the results manually by excluding studies that were purely methodical (e.g., LST calcula-
tion methods, air temperature derivation from LST) or validation studies to retain our
focus on LST dynamics and applications. We argue that choosing this review scope pro-
vides an appropriate cross-section of the different application fields of LST in the context



Remote Sens. 2023, 15, 1857

25 of 34

of global change. We are aware that by limiting our literature research to the last two dec-
ades, we are excluding studies from earlier years, where AVHRR and Landsat played a
much bigger role in thermal remote sensing. However, we argue that because of the limi-
tations of these sensor systems mentioned above, the remote sensing of LST dynamics was
restricted for this period.

5. Conclusions

LST is an essential indicator for global change, reflecting, on the one hand, land sur-
face processes, such as urbanization and deforestation and, on the other hand, climate
change. With this review, we provide an extensive overview of the applications of satel-
lite-derived LST dynamics in the context of global change. A total of 164 articles from 14
international journals were analyzed. The following main conclusions can be drawn from
this review:

e  The frequency of publications related to satellite-derived LST dynamics increased
over the past two decades.

e  Most studies were conducted in China (53, 32%) and the USA (15, 9%), followed by
India (8, 5%), Brazil (5, 3%) and Canada (5, 3%). No studies were found for Australia,
large parts of Africa, Central Asia and parts of South America.

e More than half of the studies analyze the Anthroposphere (91, 55%), which is due to
the prominence of the research topic urbanization respective SUHI in the LST re-
search community (90 studies, 55%). The second most analyzed sphere was the Bio-
sphere (42 studies, 26%), where the most frequent topic was ‘general vegetation dy-
namics’ (20 studies, 12%). Relatively few studies were found for the climate-change-
related topics ‘global warming’ (15, 9%), ‘heat waves’ (four, 2%) and ‘interannual cli-
mate variabilities” (seven, 4%).

e The by far most frequently used sensor system was MODIS (86 studies, 52%), fol-
lowed by Landsat (55 studies, 34%). Other sensors, such as AVHRR (two studies, 1%),
ASTER (three studies, 2%), ATSR (two studies, 1%), ECOSTRESS (three studies, 2%)
and GOES (two studies, 1%) were rarely used. The popularity of MODIS can be ex-
plained by its high temporal resolution, its constant revisit time and its wide range
of quality checked and freely available LST products. Landsat was mostly used in the
context of SUHI or for local or small regional studies in other contexts.

e  The majority of studies were analyzing an LST time series, while there was also a
significant number of studies with multitemporal time steps. The few mono- and
bitemporal studies were exclusively in the context of SUHI.

e  The extensive use of MODIS leads to the fact that a majority of the studies start
around the year 2000. Furthermore, only 7% percent of the time series studies ana-
lyzed a study period longer than 30 years.

e The most frequent use case of spatial anomaly analysis was the SUHI, while for the
spatial regression, the relationship between LST and NDVI was analyzed most fre-
quently.

e The methods for the LST time series preparation mostly aimed to account for the
seasonal behavior of LST, which was, e.g., carried out through additive seasonal de-
composition, derivation of annual statistics or calculation of monthly climatologies.
Linear temporal trends were mostly derived with the Theil-Sen-Estimator accompa-
nied by the Mann-Kendall significance test. The most frequent use case for temporal
anomalies were heat waves and droughts. Temporal regression was conducted to
find common features in the time series of LST and vegetation indices or atmospheric
oscillations.

Satellite-derived LST has a high potential to be a key indicator in research related to
global warming. However, this review revealed four possible reasons why this potential
is under-utilized: (1) the lack of long time series (>30 years), (2) the lack of representation
of LST under clouds, (3) the lack of LST time series intercomparison and the comparison
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to traditional climate change indicators and (4) the lack of validation over spatially heter-
ogenous land cover. Therefore, the following suggestions for future research can be made:
(1) The time series of MODIS LST should be extended. Because of similar temporal and
spatial resolutions, AVHRR is a promising candidate. However, there are still open chal-
lenges regarding daytime normalization and the orbit drift correction of AVHRR LST,
which must be tackled in the future. (2) The reconstruction of LST under clouds will be a
major topic in the future. Improvements to the accuracy of PMW-based LST can be a fu-
ture solution. (3) To communicate LST as a reliable information resource for global warm-
ing, intercomparisons of LST time series from different sensors, but also comparisons with
air temperature or reanalysis time series should be encouraged. (4) Developments to over-
come the difference of spatial scale between satellite-derived LST and in situ LST over
heterogenous land cover will be of high importance.
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