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Urban Heat Island （UHI ) studies have been conducted for over 200 years, since the first conceptualization by Luke

Howard in 1818. Generally, an urban heat island (UHI) is an urban area or metropolitan area that is significantly warmer

than its surrounding rural areas because of human activities. The temperature difference is usually greater at night than

during the day and is most apparent when winds are weak.
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1. Introduction

Urbanization is known to have substantial impacts on landscapes and ecosystems , and urban inhabitants are

expected to reach 70% of the world population by 2050 . Moreover, the nature of urban development has been changing

from a single city model to a group of cities (urban agglomeration) worldwide. Urban heat island (UHI), urbanization, and

climate change are increasingly interconnected, resulting in several environmental consequences (such as heat stress,

biodiversity loss, fire risk, warming water due to run off, and diminished air quality) at both local and regional levels 

. Such UHI related impacts are also called UHI regional impacts (UHIRIP). Generally, UHI research includes data from

two major sources: Air temperature data that are observed by weather or climate stations and remotely sensed data to

observe UHI through land surface temperature. Before the availability of remotely sensed data, UHI was widely observed

in the field, with the first scientific observation of UHI in 1833 . Field observations of UHI continue to be a critical source

of training and validation data . These observations, along with modeling studies, continue to help unravel the

factors that are responsible for UHI development, and are providing a basis for the development and application of

sustainable adaptation strategies. Communicating scientific knowledge quickly and effectively of UHI and UHIRIP to

architects, engineers, scientists, and planners could help inform urban design and decision making. Remotely sensed

data have been used to observe UHI and UHIRIP on environments, ecosystems, human health, and economics in urban

and non-urban areas for decades. Remote sensing offers the benefits of long data archives, repeated observations,

efficiency, and multiple temporal and spatial resolutions. UHI studies using remotely sensed data have been published for

hundreds of cities worldwide . Remotely sensed data provide highly efficient, long-term, and

broad-scale information for assessing UHIRIP. However, studies integrating high spatial resolution imagery (e.g., Landsat

at 30 × 30 m and ECOSTRESS at 70 × 70 m) from multiple sensors to evaluate UHI and UHIRIP across a time series

have been uncommon. Challenges to such studies include image frequency and calibration, cloud contamination, and the

need for large storage and high-performance computing capabilities . Early generations of broad-scale UHI

assessment using remote sensing often poorly represented the spatial and temporal variance in UHI, especially at the

urban and non-urban interface. As the resolution of algorithms and satellite imagery improved and interest in UHIRIP

grew, researchers sought better representations of UHI. Initially, this took the form of modifications based on surface

physical characteristics such as roughness length, albedo, thermal conductivity, and thermal diffusivity . Many

studies have been conducted to understand the urban thermal climate or the potential for heat island mitigation using this

framework of simplified algorithms . In more recent efforts, researchers have incorporated more sophisticated

parameterization schemes that have included distributions of demography, policies, and behavior of government;

ecological variables and ecosystem services; land use and land cover change (LULCC) patterns; and social and

economic factors to represent the complicated impacts of UHI .

Historically, the study of UHI using remote sensing data, often Landsat data, was mainly based on comparing images at

two different times using the bitemporal approach . Although the bitemporal approach is mathematically simple

and does not need large amounts of data, it is less useful than a time series approach that is able to provide a more

comprehensive understanding of the complexity of UHI. Most early research  in UHI focused on cities or urban

areas, and often ignored the urban and non-urban interface at regional scales. In recent decades, the cost of data storage

has dramatically decreased, and we have witnessed an overwhelming increase in computing power and open source

software that provide the foundations for time series analysis using higher resolution thermal data from satellite archives.
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Some studies used Landsat time series to detect historical changes , but few have focused on UHI and its

interaction with land use and land cover (LULC) dynamics. A research team at the USGS Earth Resources Observation

and Science (EROS) Center recently developed the Land Change Monitoring, Assessment, and Projection (LCMAP)

project , which is produced with Landsat Analysis Ready Data (ARD)  and land surface temperature (LST) data.

LCMAP data provide the potential to use Landsat LST data to analyze UHI in urban agglomerations, as well as the urban

and non-urban interface at local, regional, and global scales.

2. Development of UHI and UHIRIP Analysis

The large amount of heat generated from urban structures and pavements, as they absorb and re-radiate solar radiation,

as well as the heat from other anthropogenic sources, are the main causes of UHI. These heat sources increase the

temperatures of an urban area compared with its surroundings, which is known as UHI intensity (UHII). Traditionally,

regardless of the methodology employed, whether it refers to (1) differences between two fixed observatories, one urban

and another peripheral or non-urban; (2) mobile urban transects; or (3) remote sensing analysis, UHII provides a value of

thermal differences between contrasted points, sectors, or areas, one urban and another that could be termed non-urban.

Thus, the intensity of the UHI is seen in the temperature difference expressed at a given time between the hottest sector

(areas) of the city and the surrounding non-urban space. The intensity of the heat island is the simplest and most

quantitative indicator of the thermal modification imposed by the city upon the territory in which it is situated and of its

relative warming in relation to the surrounding rural environment. The intensity could be defined for various time scales

and geographical locations .

Applying theories of landscape ecology , UHI studies focus on moving from static spatial structures of urban thermal

patterns to the change dynamic of spatial patterns and processes of urban thermal characteristics. The spatial structure of

UHI patterns determines the processes of UHI impacts. Li et al.  simulated the urban climate of various generated cities

under the same weather conditions. By studying various city shapes, they generalized and proposed a reduced form to

estimate UHI intensities based only on the structure of urban sites, as well as their relative distances. They concluded that

in addition to the size, the UHI intensity of a city is directly related to the density and the amplifying effect that urban sites

have on each other. Their approach can serve as a UHI rule of thumb for the comparison of urban development

scenarios. Ramírez-Aguilar and Lucas Souza  present a study based on the relationship between UHI and population

size (p) by considering the population density (PD) and the urban form parameters of different neighborhoods in the city of

Bogotá, Colombia. They concluded that urban form, expressed by land cover and urban morphology changes caused by

population density, has a great effect on temperature differences within a city. Advances in computing technology have

fostered the development of new and powerful deep learning techniques that have demonstrated promising results in a

wide range of applications. In particular, deep learning methods have been successfully used to classify remotely sensed

data collected by Earth observation instruments . Deep learning algorithms, which learn the representative and

discriminative features in a hierarchical manner from the data, have recently become a hotspot in the machine-learning

area, and have been introduced into the geoscience and remote sensing community for remotely sensed big data analysis

. With climate change, the simulation and projection of UHI and its regional impact by using computer technology (deep

learning) and remotely sensed data are becoming more important for urban planning and policy makers.

UHI is a result of continued urbanization, urban agglomeration, and associated increases in paved areas and buildings.

Mitigation strategies have been developed to increase vegetation and water surface areas within urban areas to reduce

the magnitude of the temperature. One measure of UHI’s ecological footprint is estimated by calculating the increase of

the cooling demand caused by the heat island over the urban area, and then translating the increased energy use to

environmental cost . Some research shows that the UHI effect has become more prominent in areas of rapid

urbanization and in urban agglomerations . The spatial distribution of UHI has changed from a mixed pattern, where

bare land, semi-bare land, and land under development were warmer than other LULC types, to extensive UHI, as

contiguous urbanized blocks grew larger . Some analyses showed that the higher temperature in the UHI had a

scattered pattern and was related to certain LULC types . In order to analyze the relationship between UHI and LULC

changes, some studies attempted to employ a quantitative approach for exploring the relationship between surface

temperature and several indices, including the Normalized Difference Vegetation Index (NDVI), Normalized Difference

Water Index (NDWI), Normalized Difference Bareness Index (NDBaI), and Normalized Difference Build-up Index (NDBI).

It was found that correlations between NDVI, NDWI, NDBI, and temperature are negative when NDVI and NDWI are

limited in range, but there is a positive correlation between NDBI and temperature .
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3. UHI and UHIRIP Based on Remotely Sensed Data

Assessing the uncertainty and accuracy of UHI data is important. A sensitivity analysis not only provides a framework for

assessing the potential for bias and the extent of uncertainty in UHI estimates, but also reveals significant factors that

determine the extent of UHIRIP in the urban and non-urban interface. Oleson et al.  developed an approach to evaluate

the robustness of models used to simulate urban heat islands in different environments. The findings indicated that heat

storage and sensible heat flux are most sensitive to uncertainties in the input parameters within the atmospheric and

surface conditions considered. Sensitivity studies indicate that it is important to not only to accurately characterizing the

structure of the urban area, but also to ensuring that the input data reflect the thermal admittance properties of each of the

city surfaces.

Currently, a wide variety of methods are employed to characterize UHI for major cities worldwide (Table 1), although most

of the applications cited were limited to small areas because of data availability and constraints of storage and computing

resources. With the development of gap filling and data fusion models , advances in high-performance computing

(HPC), and cheaper storage, applications based on high-resolution time series at larger or even regional scales will

become the mainstream in the near future . While much of the methodological variation described here will persist,

future methods will evolve and adapt to greater data volumes and processing capabilities . Legacy change mapping

methods that rely on analyst interactions with individual scenes should decline over time given the improved ability to

process and characterize time series of rich high-resolution thermal data. However, such spatial−temporal methods that

are based on gap filling and data fusion should match the institutional requirements for accuracy. Near-term research

objectives will require robust validation datasets in establishing which data-intensive methods are the most appropriate for

quantifying UHI over large areas. Techniques for LST data analysis and interpretation that fully incorporate the temporal

dimension still require intense research and represent an important challenge for operational UHI research in order to

meet management needs.

Table 1. Methods used to measure UHI and UHIRIP using remotely sensed data.

Method Sensor Period Example

Calculate LST All thermal bands 1970s–
current

Avdan and Jovanovska , and
Peng et al. 

Determine the
UHIE Landsat 2009 Tang et al. 

Determine the UHII MODIS 2001,
2003 Tran et. al. 

Compare multi-
temporal LST

images

The normalization of the temperature based on the
mean and standard deviation in high and low

temperature areas.
  Streutker 

 
Common normalization of temperture based on min
and max LST of the same image in the same way as

for NDVI. A normalized ratio scale technique.
  Chen et al. 

Statistical
analyses of UHI

The relationship between LST, NDVI, ground
vegetation (GV), and impervious surface area (ISA).
Multiple linear regression. Geographically weighted

regression.

 

Weng et al. , Tran et al. ,
Schwarz et al. , Szymanowski
and Kryza , and Firozjaei et al.

  A support vector machine regression (SVR) mode.
LST

2012
(daily) Lai et al. 

Data fusion Landsat, MODIS 1988–
2013,

Shen et al. , Wengand Fu , and
Schmitt and Zhu 

Gap filling Landsat 2020
Yan and Roy , Zhou et al. , Fu
et al. , and Zhou et al. 

Time-series
analysis Landsat 1984–

2015

Huang et al. ,
Peres et al. , Fu and Weng ,
and Xian et al. 

Uncertainty and
accuracy

assessment
MODIS, Landsat  

Shen et al. , Lee et al. , Yuan
and Bauer , and Chen et al. 
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Technological advances that include machining leaning and artificial intelligence in UHI and UHIRIP using remotely

sensed data have led to an explosion of UHI and UHIRIP profiling data from large numbers of multiple data sources 

. This rapid increase in the remotely sensed data dimension and acquisition rate is challenging conventional analysis

strategies. Modern machine learning methods, such as deep learning, promise to leverage very large datasets for finding

a hidden structure within them, and for making accurate predictions . Deep learning methods are a powerful

complement to classical machine learning tools and other analysis strategies, and have been used in a number of

applications in UHII and remotely sensed image analyses . The explainable artificial intelligence in UHII and UHIRIP

modeling has become more and more important . Interpretable machine learning methods either target a direct

understanding of the model architecture (i.e., model-based interpretability) or interpret the model by analyzing the model

behavior (post hoc interpretability) .

Currently, most of the time-series algorithms used to map UHIRIP include data from the temporal domain of AVHRR and

MODIS, and the spatial domain of the data is almost entirely neglected. Although these datasets with a lower spatial

resolution and higher temporal frequency can detect a change of UHI in real time, they often lack pertinent spatial detail.

Even though many UHI analysis algorithms have been developed , most of the UHI monitoring data derived from the

Landsat archive are provided in a time frame that is not near enough to real time to be relevant for specific management

needs. With the advances in HPC and cheaper storage, applications based on Landsat time series at continental or even

global scales will be the mainstream in the next few years.

To date, information from Landsat time-series thermal data has taken the form of statistical metrics, change metrics,

pattern distribution, or trend components used in UHI impact applications . Improvement of existing approaches, as

well as the inclusion of novel techniques, often imported and adapted from other disciplines, are important to fully

capitalize on the thermal data in order to produce monthly, seasonal, and annual LST results that meet a wide range of

UHI and UHIRIP research needs. Landsat-9, which will be launched in September 2021, will continue collecting images of

the Earth’s surface in visible, near-infrared, and shortwave-infrared bands, as well as the thermal infrared radiation, or

heat, of the Earth’s surface from two thermal bands. The future European Space Agency’s LSTM (Land Surface

Temperature Monitoring) or Sentinel 8 mission will carry a high spatial−temporal resolution thermal infrared sensor to

provide records of land-surface temperature. Land-surface temperature measurements are key variables to understand

and respond to climate variability and natural hazards, such as urban heat island issues. The main objective of LSTM is to

deliver global high spatial−temporal day- and night-time land surface temperature measurements. LSTM will operate from

a low-Earth, polar orbit, to map both land-surface temperature and rates of evapotranspiration. It will be able to identify the

temperatures of individual fields and image the Earth every three days at a 50 m resolution. Another future thermal sensor

is Thermal infraRed Imaging Satellite for High-resolution Natural resource Assessment (TRISHNA), which is a future high-

resolution space-time mission in the thermal infrared (TIR) led jointly by the French (CNES) and Indian (ISRO) space

agencies. One of scientific objectives guiding the definition of the mission is the monitoring of the urban environment.

TRISHNA will be positioned on a polar orbit and provide a revisit of three passages over 8 days with global coverage. The

time of passage around 13:00 p.m. LST allows thermal data to be collected in the middle of the day, but also in the middle

of the night. The instrument will offer four thermal channels (8.6 µm, 9.1 µm, 10.4 µm, and 11.6 µm) and six optical

channels (485 nm, 555 nm, 650 nm, 860 nm, 1380 nm, and 1650 nm) with a spatial resolution between 50 m and 60 m for

all channels. All of these observations acquired from thermal remote sensing will provide more valuable information for

natural resource management, hazard monitoring, and scientific research and applications.

4. Future Research Directions

Remote sensing technology has been widely applied in the research of UHI and UHIRIP. The most important advantage of

using remote sensing thermal data is the wall-to-wall coverage of UHI patterns that can meet the needs of spatial and

temporal analyses. Remotely sensed data can be used to investigate the surface temperatures of cities and urban

agglomerations for various ecosystems with different climate conditions, for example tropical and sub-tropical, temperate

and cold temperate, coastal and inland, and arid and semi-arid land at regional scales. These studies are needed to

describe surface temperature characteristics in these specific environments and how climate change may be modulating

UHI patterns. UHIRIP produces an aggregate impact on weather conditions, land use, human health, biodiversity,

ecosystem security, economics, and urban planning .

Land surface temperature and emissivity retrieval (separation) has always been challenging. Generally, the LSE values

needed to apply the method have been estimated from a procedure that uses the visible and near-infrared bands. The

algorithm was created using the brightness temperature of the thermal and emissivity of different land cover types,

derived from visible and near-infrared bands of various sensors. Compared with field-based observation, remote sensing

offers the advantages of a harmonized, long-term, and spatially extensive record to observe LST change. The retrieved
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LSTs are verified using the near surface temperature of weather station datasets, which will help to improve the accuracy

of LST derived from thermal bands. The difference between retrieved LST and Automatic Weather Station (AWS) data

indicates that the technique works by giving an error of ±3 °C . These differences can be because of the difference

between the resolutions of thermal and visible bands, and a comparison was made between the point measurement

(AWS data) 2 m above the surface and surface temperature (retrieved LST). Communicating the results of time-series

LST studies that are based on both field weather station observations and remote-sensing time-series data to urban

planners, policymakers, and the general public could help inform urban design and decision making.

Using temporally dense time series of remotely sensed data at a high spatial resolution is a growing trend in UHI and

UHIRIP research, facilitated by increasing computer capabilities to handle big datasets, machine leaning, deep learning,

and Google Earth Engine applications. Landsat ARD, in particular, has great potential to derive LST. Models used to fuse

data from across multiple sensors will be developed to increase data temporal density and spatial resolution. Moreover,

future sensor improvement on Landsat and aircraft thermal data are possible options. On the other hand, in order to

determine the temporal variation of LST using satellite data with restricted overpass times, it appears necessary to use

long-time weather station observations to investigate diurnal UHI in various ecosystems, although some new sensors

(e.g., ECOSTRESS) can provide this information. Future research is anticipated to improve on methods to simultaneously

derive LST and land surface emission (LSE) from hyperspectral TIR, multi spectral-temporal, and TIR-microwave data;

additionally, future methods will consider aerosol and cirrus effects . Another viable angle of potential future studies is

urban development strategies for mitigating UHI, such as increasing vegetation and water surfaces in urban development.

Climate models are the only tools that account for the complex set of processes that will determine future climate change

at both a global and regional level, and assessing regional impacts of climate change begins with the development of

climate projections at relevant temporal and spatial scales . The most current existing climate change modeling covers

large geographic areas at regional and global levels with relatively low spatial resolutions (>10 km). In the future, LST that

is derived from remotely sensed data will support climate change modeling (regional climate models and statistical

downscaling models) in UHI and UHIRIP analyses in urban and surrounding areas.

References

1. Radeloff, V.C.; Hammer, R.B.; Stewart, S.I.; Fried, J.S.; Holcomb, S.S.; McKeefry, J.F. The Wildland–Urban Interface in
the United States. Ecol. Appl. 2005, 15, 799–805.

2. Shi, H.; Singh, A.; Kant, S.; Zhu, Z.; Waller, E. Integrating habitat status, human population pressure, and protection sta
tus into biodiversity conservation priority setting. Conserv. Biol. 2005, 19, 1273–1285.

3. Seto, K.C.; Shepherd, J.M. Global urban land-use trends and climate impacts. Curr. Opin. Environ. Sustain. 2009, 1, 89
–95.

4. Ager, A.A.; Vaillant, N.M.; Finney, M.A. A comparison of landscape fuel treatment strategies to mitigate wildland fire risk
in the urban interface and preserve old forest structure. For. Ecol. Manag. 2010, 259, 1556–1570.

5. Chang, Q.; Liu, X.; Wu, J.; He, P. MSPA-based urban green infrastructure planning and management approach for urba
n sustainability: Case study of longgang in China. J. Urban Plan. Dev. 2015, 141.

6. Voogt, J.A.; Oke, T.R. Thermal remote sensing of urban climates. Remote Sens. Environ. 2003, 86, 370–384.

7. Weng, Q. Thermal infrared remote sensing for urban climate and environmental studies: Methods, applications, and tre
nds. ISPRS J. Photogramm. Remote Sens. 2009, 64, 335–344.

8. Massad, R.S.; Lathière, J.; Strada, S.; Perrin, M.; Personne, E.; Stéfanon, M.; Stella, P.; Szopa, S.; de Noblet-Ducoudr
é, N. Reviews and syntheses: Influences of landscape structure and land uses on local to regional climate and air quali
ty. Biogeosciences 2019, 16, 2369–2408.

9. Raalte, L.V.; Nolan, M.; Thakur, P.; Xue, S.; Parker, N. Economic Assessment of the Urban Heat Island Effect; 6026736
9; AECOM Australia Pty Ltd.: Melbourne, Australia, 2012. Available online: https://www.melbourne.vic.gov.au/SiteCollec
tionDocuments/eco-assessment-of-urban-heat-island-effect.pdf (accessed on 20 May 2020).

10. Oke, T.R. The energetic basis of the urban heat island. Q. J. R. Meteorol. Soc. 1982, 108, 1–24.

11. Hall, F.G.; Huemmrich, K.F.; Goetz, S.J.; Sellers, P.J.; Nickeson, J.E. Satellite remote sensing of surface energy balanc
e: Success, failures, and unresolved issues in FIFE. J. Geophys. Res. 1992, 97, 19061–19089.

12. Velasco, E. Go to field, look around, measure and then run models. Urban Clim. 2018, 24, 231–236.

13. Gallo, K.P.; Tarpley, J.D.; McNab, A.L.; Karl, T.R. Assessment of urban heat islands: A satellite perspective. Atmos. Res.
1995, 37, 37–43.

[99]

[18]

[100]



14. Courault, D.; Seguin, B.; Olioso, A. Review on estimation of evapotranspiration from remote sensing data: From empiric
al to numerical modeling approaches. Irrig. Drain. Syst. 2005, 19, 223–249.

15. Dorigo, W.A.; Zurita-Milla, R.; de Wit, A.J.W.; Brazile, J.; Singh, R.; Schaepman, M.E. A review on reflective remote sen
sing and data assimilation techniques for enhanced agroecosystem modeling. Int. J. Appl. Earth Obs. Geoinf. 2007, 9,
165–193.

16. Rasul, A.; Balzter, H.; Smith, C.; Remedios, J.; Adamu, B.; Sobrino, J.; Srivanit, M.; Weng, Q. A Review on Remote Sen
sing of Urban Heat and Cool Islands. Land 2017, 6, 38.

17. Weng, Q.; Fu, P. Modeling diurnal land temperature cycles over Los Angeles using downscaled GOES imagery. ISPRS
J. Photogramm. Remote Sens. 2014, 97, 78–88.

18. Weng, Q.; Firozjaei, M.K.; Sedighi, A.; Kiavarz, M.; Alavipanah, S.K. Statistical analysis of surface urban heat island int
ensity variations: A case study of Babol city, Iran. GIScience Remote Sens. 2019, 56, 576–604.

19. Ward, K.; Lauf, S.; Kleinschmit, B.; Endlicher, W. Heat waves and urban heat islands in Europe: A review of relevant dri
vers. Sci. Total Environ. 2016, 569–570, 527–539.

20. Zhu, Z. Change detection using landsat time series: A review of frequencies, preprocessing, algorithms, and application
s. ISPRS J. Photogramm. Remote Sens. 2017, 130, 370–384.

21. Du, W.; Qin, Z.; Fan, J.; Gao, M.; Wang, F.; Abbasi, B. An efficient approach to remove thick cloud in VNIR bands of mu
lti-temporal remote sensing images. Remote Sens. 2019, 11, 1284.

22. Ling, F.; Zhang, T. A numerical model for surface energy balance and thermal regime of the active layer and permafrost
containing unfrozen water. Cold Reg. Sci. Technol. 2004, 38, 1–15.

23. Atkinson, B.W. Numerical modelling of urban heat-island intensity. Bound.-Layer Meteorol. 2003, 109, 285–310.

24. Oke, T.R. The distinction between canopy and boundary-layer urban heat Islands. Atmosphere 1976, 14, 268–277.

25. Kim, H.H. Urban heat island. Int. J. Remote Sens. 1992, 13, 2319–2336.

26. Taha, H. Urban climates and heat islands: Albedo, evapotranspiration, and anthropogenic heat. Energy Build. 1997, 25,
99–103.

27. Oke, T.R. The Heat Island of the Urban Boundary Layer: Characteristics, Causes and Effects; Springer: Dordrecht, The
Netherlands, 1995; Volume 277.

28. Stone, B., Jr.; Rodgers, M.O. Urban form and thermal efficiency: How the design of cities influences the urban heat isla
nd effect. J. Am. Plan. Assoc. 2001, 67, 186–198.

29. Hansen, J.; Ruedy, R.; Sato, M.; Imhoff, M.; Lawrence, W.; Easterling, D.; Peterson, T.; Karl, T. A closer look at United
States and global surface temperature change. J. Geophys. Res. Atmos. 2001, 106, 23947–23963.

30. Golden, J.S. The Built Environment Induced Urban Heat Island Effect in Rapidly Urbanizing Arid Regions—A Sustainab
le Urban Engineering Complexity. Environ. Sci. 2004, 1, 321–349.

31. Bowler, D.E.; Buyung-Ali, L.; Knight, T.M.; Pullin, A.S. Urban greening to cool towns and cities: A systematic review of t
he empirical evidence. Landsc. Urban Plan. 2010, 97, 147–155.

32. Chow, W.T.L.; Brennan, D.; Brazel, A.J. Urban Heat Island Research in Phoenix, Arizona: Theoretical Contributions and
Policy Applications. Bull. Am. Meteorol. Soc. 2011, 93, 517–530.

33. Qin, Y. A review on the development of cool pavements to mitigate urban heat island effect. Renew. Sustain. Energy Re
v. 2015, 52, 445–459.

34. Xu, H.Q. A remote sensing urban ecological index and its application. Shengtai Xuebao Acta Ecol. Sin. 2013, 33, 7853
–7862.

35. Memon, R.A.; Leung, D.Y.C.; Liu, C.-H. An investigation of urban heat island intensity (UHII) as an indicator of urban he
ating. Atmos. Res. 2009, 94, 491–500.

36. Sinha, P.; Coville, R.C.; Hirabayashi, S.; Lim, B.; Endreny, T.A.; Nowak, D.J. Modeling lives saved from extreme heat by
urban tree cover✰. Ecol. Model. 2021, 449, 109553.

37. Li, K.; Yu, Z. Comparative and combinative study of urban heat island in Wuhan City with remote sensing and CFD sim
ulation. Sensors 2008, 8, 6692–6703.

38. Chen, X.L.; Zhao, H.M.; Li, P.X.; Yin, Z.Y. Remote sensing image-based analysis of the relationship between urban hea
t island and land use/cover changes. Remote Sens. Environ. 2006, 104, 133–146.

39. Streutker, D.R. A remote sensing study of the urban heat island of Houston, Texas. Int. J. Remote Sens. 2002, 23, 2595
–2608.



40. Lee, H.Y. An application of NOAA AVHRR thermal data to the study of urban heat islands. Atmos. Environ. Part B Urba
n Atmos. 1993, 27, 1–13.

41. Gallo, K.P.; McNab, A.L.; Karl, T.R.; Brown, J.F.; Hood, J.J.; Tarpley, J.D. The use of NOAA AVHRR data for assessmen
t of the urban heat island effect. J. Appl. Meteorol. 1993, 32, 899–908.

42. Kotharkar, R.; Ramesh, A.; Bagade, A. Urban Heat Island studies in South Asia: A critical review. Urban Clim. 2018, 24,
1011–1026.

43. Bullock, E.L.; Woodcock, C.E.; Holden, C.E. Improved change monitoring using an ensemble of time series algorithms.
Remote Sens. Environ. 2019.

44. Cohen, W.B.; Yang, Z.; Healey, S.P.; Kennedy, R.E.; Gorelick, N. A LandTrendr multispectral ensemble for forest disturb
ance detection. Remote Sens. Environ. 2018, 205, 131–140.

45. Liu, C.; Zhang, Q.; Luo, H.; Qi, S.; Tao, S.; Xu, H.; Yao, Y. An efficient approach to capture continuous impervious surfa
ce dynamics using spatial-temporal rules and dense Landsat time series stacks. Remote Sens. Environ. 2019, 229, 11
4–132.

46. Shi, H.; Rigge, M.; Homer, C.G.; Xian, G.; Meyer, D.K.; Bunde, B. Historical Cover Trends in a Sagebrush Steppe Ecos
ystem from 1985 to 2013: Links with Climate, Disturbance, and Management. Ecosystems 2018, 21, 913–929.

47. Zhu, Z.; Gallant, A.L.; Woodcock, C.E.; Pengra, B.; Olofsson, P.; Loveland, T.R.; Jin, S.; Dahal, D.; Yang, L.; Auch, R.F.
Optimizing selection of training and auxiliary data for operational land cover classification for the LCMAP initiative. ISP
RS J. Photogramm. Remote Sens. 2016, 122, 206–221.

48. Dwyer, J.L.; Roy, D.P.; Sauer, B.; Jenkerson, C.B.; Zhang, H.K.; Lymburner, L. Analysis ready data: Enabling analysis o
f the landsat archive. Remote Sens. 2018, 10, 1363.

49. Martin-Vide, J.; Sarricolea, P.; Moreno-García, M.C. On the definition of urban heat island intensity: The “rural” referenc
e. Front. Earth Sci. 2015, 3.

50. Giridharan, R.; Emmanuel, R. The impact of urban compactness, comfort strategies and energy consumption on tropic
al urban heat island intensity: A review. Sustain. Cities Soc. 2018, 40, 677–687.

51. Gustafson, E.J. How has the state-of-the-art for quantification of landscape pattern advanced in the twenty-first centur
y? Landsc. Ecol. 2019, 34, 2065–2072.

52. Li, Y.; Schubert, S.; Kropp, J.P.; Rybski, D. On the influence of density and morphology on the Urban Heat Island intens
ity. Nat. Commun. 2020, 11, 2647.

53. Ramírez-Aguilar, E.A.; Lucas Souza, L.C. Urban form and population density: Influences on Urban Heat Island intensiti
es in Bogotá, Colombia. Urban Clim. 2019, 29.

54. Paoletti, M.E.; Haut, J.M.; Plaza, J.; Plaza, A. Deep learning classifiers for hyperspectral imaging: A review. ISPRS J. P
hotogramm. Remote Sens. 2019, 158, 279–317.

55. Zhang, L.; Zhang, L.; Du, B. Deep learning for remote sensing data: A technical tutorial on the state of the art. IEEE Ge
osci. Remote Sens. Mag. 2016, 4, 22–40.

56. Oláh, A.B. The possibilities of decreasing the urban heat Island. Appl. Ecol. Environ. Res. 2012, 10, 173–183.

57. Cai, Z.; Han, G.; Chen, M. Do water bodies play an important role in the relationship between urban form and land surf
ace temperature? Sustain. Cities Soc. 2018, 39, 487–498.

58. Chen, L.; Jiang, R.; Xiang, W.N. Surface Heat Island in Shanghai and Its Relationship with Urban Development from 19
89 to 2013. Adv. Meteorol. 2016.

59. Zhou, D.; Bonafoni, S.; Zhang, L.; Wang, R. Remote sensing of the urban heat island effect in a highly populated urban
agglomeration area in East China. Sci. Total Environ. 2018, 628–629, 415–429.

60. Zhou, B.; Rybski, D.; Kropp, J.P. The role of city size and urban form in the surface urban heat island. Sci. Rep. 2017,
7, 4791.

61. Zhou, D.; Zhang, L.; Hao, L.; Sun, G.; Liu, Y.; Zhu, C. Spatiotemporal trends of urban heat island effect along the urban
development intensity gradient in China. Sci. Total Environ. 2016, 544, 617–626.

62. Xian, G.Z.; Shi, H.; Auch, R.; Gallo, K.P.; Zhou, Q.; Wu, Z.; Kolian, M. The effects of urban land cover dynamics on urba
n heat island intensity and temporal trends. GIScience Remote Sens. 2021.

63. Adeyeri, O.E.; Akinsanola, A.A.; Ishola, K.A. Investigating surface urban heat island characteristics over Abuja, Nigeria:
Relationship between land surface temperature and multiple vegetation indices. Remote Sens. Appl. Soc. Environ. 201
7, 7, 57–68.



64. Wu, X.; Cheng, Q. Coupling Relationship of Land Surface Temperature, Impervious Surface Area and Normalized Differ
ence Vegetation Index for Urban Heat Island Using Remote Sensing. In Proceedings of the SPIE—The International S
ociety for Optical Engineering 2007; Available online: https://www.spiedigitallibrary.org/conference-proceedings-of-spie/
6749/1/Coupling-relationship-of-land-surface-temperature-impervious-surface-area-and/10.1117/12.737550.full?SSO=
1 (accessed on 10 October 2020).

65. Alexander, C. Normalised difference spectral indices and urban land cover as indicators of land surface temperature (L
ST). Int. J. Appl. Earth Obs. Geoinf. 2020, 86, 102013.

66. Diaz-Pacheco, J.; Gutiérrez, J. Exploring the limitations of CORINE Land Cover for monitoring urban land-use dynamic
s in metropolitan areas. J. Land Use Sci. 2014, 9, 243–259.

67. Oleson, K.W.; Bonan, G.B.; Feddema, J.; Vertenstein, M. An urban parameterization for a global climate model. Part II:
Sensitivity to input parameters and the simulated urban heat island in offline simulations. J. Appl. Meteorol. Climatol. 20
08, 47, 1061–1076.

68. Ghamisi, P.; Rasti, B.; Yokoya, N.; Wang, Q.; Hofle, B.; Bruzzone, L.; Bovolo, F.; Chi, M.; Anders, K.; Gloaguen, R.; et a
l. Multisource and multitemporal data fusion in remote sensing: A comprehensive review of the state of the art. IEEE Ge
osci. Remote Sens. Mag. 2019, 7, 6–39.

69. Schmitt, M.; Zhu, X.X. Data Fusion and Remote Sensing: An ever-growing relationship. IEEE Geosci. Remote Sens. M
ag. 2016, 4, 6–23.

70. Sun, W.; Du, Q. Hyperspectral band selection: A review. IEEE Geosci. Remote Sens. Mag. 2019, 7, 118–139.

71. Ghamisi, P.; Yokoya, N.; Li, J.; Liao, W.; Liu, S.; Plaza, J.; Rasti, B.; Plaza, A. Advances in Hyperspectral Image and Sig
nal Processing: A Comprehensive Overview of the State of the Art. IEEE Geosci. Remote Sens. Mag. 2017, 5, 37–78.

72. Avdan, U.; Jovanovska, G. Algorithm for automated mapping of land surface temperature using LANDSAT 8 satellite da
ta. J. Sens. 2016, 2016.

73. Peng, J.; Qiao, R.; Liu, Y.; Blaschke, T.; Li, S.; Wu, J.; Xu, Z.; Liu, Q. A wavelet coherence approach to prioritizing influe
ncing factors of land surface temperature and associated research scales. Remote Sens. Environ. 2020, 246.

74. Tang, Y.Q.; Lan, C.Y.; Feng, H.H. Effect analysis of land-use pattern with landscape metrics on an urban heat island. J.
Appl. Remote Sens. 2018, 12.

75. Tran, H.; Uchihama, D.; Ochi, S.; Yasuoka, Y. Assessment with satellite data of the urban heat island effects in Asian m
ega cities. Int. J. Appl. Earth Obs. Geoinf. 2006, 8, 34–48.

76. Weng, Q.; Lu, D.; Schubring, J. Estimation of land surface temperature-vegetation abundance relationship for urban he
at island studies. Remote Sens. Environ. 2004, 89, 467–483.

77. Schwarz, N.; Schlink, U.; Franck, U.; Großmann, K. Relationship of land surface and air temperatures and its implicatio
ns for quantifying urban heat island indicators—An application for the city of Leipzig (Germany). Ecol. Indic. 2012, 18, 6
93–704.

78. Szymanowski, M.; Kryza, M. GIS-based techniques for urban heat island spatialization. Clim. Res. 2009, 38, 171–187.

79. Firozjaei, M.K.; Weng, Q.; Zhao, C.; Kiavarz, M.; Lu, L.; Alavipanah, S.K. Surface anthropogenic heat islands in six me
gacities: An assessment based on a triple-source surface energy balance model. Remote Sens. Environ. 2020, 242.

80. Lai, J.; Zhan, W.; Quan, J.; Bechtel, B.; Wang, K.; Zhou, J.; Huang, F.; Chakraborty, T.; Liu, Z.; Lee, X. Statistical estima
tion of next-day nighttime surface urban heat islands. ISPRS J. Photogramm. Remote Sens. 2021, 176, 182–195.

81. Shen, H.F.; Huang, L.W.; Zhang, L.P.; Wu, P.H.; Zeng, C. Long-term and fine-scale satellite monitoring of the urban hea
t island effect by the fusion of multi-temporal and multi-sensor remote sensed data: A 26-year case study of the city of
Wuhan in China. Remote Sens. Environ. 2016, 172, 109–125.

82. Yan, L.; Roy, D.P. Spatially and temporally complete Landsat reflectance time series modelling: The fill-and-fit approac
h. Remote Sens. Environ. 2020, 241.

83. Zhou, D.; Xiao, J.; Bonafoni, S.; Berger, C.; Deilami, K.; Zhou, Y.; Frolking, S.; Yao, R.; Qiao, Z.; Sobrino, J.A. Satellite r
emote sensing of surface urban heat islands: Progress, challenges, and perspectives. Remote Sens. 2019, 11, 48.

84. Fu, P.; Xie, Y.; Weng, Q.; Myint, S.; Meacham-Hensold, K.; Bernacchi, C. A physical model-based method for retrieving
urban land surface temperatures under cloudy conditions. Remote Sens. Environ. 2019, 230.

85. Zhou, Q.; Xian, G.; Shi, H. Gap fill of land surface temperature and reflectance products in landsat analysis ready data.
Remote Sens. 2020, 12, 1192.

86. Huang, F.; Zhan, W.; Voogt, J.; Hu, L.; Wang, Z.; Quan, J.; Ju, W.; Guo, Z. Temporal upscaling of surface urban heat isl
and by incorporating an annual temperature cycle model: A tale of two cities. Remote Sens. Environ. 2016, 186, 1–12.



87. Peres, L.D.F.; Lucena, A.J.D.; Rotunno Filho, O.C.; França, J.R.D.A. The urban heat island in Rio de Janeiro, Brazil, in
the last 30 years using remote sensing data. Int. J. Appl. Earth Obs. Geoinf. 2018, 64, 104–116.

88. Fu, P.; Weng, Q. A time series analysis of urbanization induced land use and land cover change and its impact on land
surface temperature with Landsat imagery. Remote Sens. Environ. 2016, 175, 205–214.

89. Lee, S.J.; Balling, R.; Gober, P. Bayesian maximum entropy mapping and the soft data problem in urban climate resear
ch. Ann. Assoc. Am. Geogr. 2008, 98, 309–322.

90. Yuan, F.; Bauer, M.E. Comparison of impervious surface area and normalized difference vegetation index as indicators
of surface urban heat island effects in Landsat imagery. Remote Sens. Environ. 2007, 106, 375–386.

91. Chen, F.; Yang, S.; Yin, K.; Chan, P. Challenges to quantitative applications of Landsat observations for the urban ther
mal environment. J. Environ. Sci. 2017, 59, 80–88.

92. Lucas, T.C.D. A translucent box: Interpretable machine learning in ecology. Ecol. Monogr. 2020, 90.

93. Sherafati, S.A.; Saradjian, M.R.; Niazmardi, S. Urban Heat Island growth modeling using Artificial Neural Networks and
Support Vector Regression: A case study of Tehran, Iran. Int. Arch. Photogramm. Remote Sens. Spatial Inf. Sci. 2013,
399–403.

94. Crisci, C.; Ghattas, B.; Perera, G. A review of supervised machine learning algorithms and their applications to ecologic
al data. Ecol. Model. 2012, 240, 113–122.

95. Brook, A.; de Micco, V.; Battipaglia, G.; Erbaggio, A.; Ludeno, G.; Catapano, I.; Bonfante, A. A smart multiple spatial an
d temporal resolution system to support precision agriculture from satellite images: Proof of concept on Aglianico viney
ard. Remote Sens. Environ. 2020, 240.

96. Ryo, M.; Angelov, B.; Mammola, S.; Kass, J.M.; Benito, B.M.; Hartig, F. Explainable artificial intelligence enhances the e
cological interpretability of black-box species distribution models. Ecography 2021, 44, 199–205.

97. Wulder, M.A.; Loveland, T.R.; Roy, D.P.; Crawford, C.J.; Masek, J.G.; Woodcock, C.E.; Allen, R.G.; Anderson, M.C.; Bel
ward, A.S.; Cohen, W.B.; et al. Current status of Landsat program, science, and applications. Remote Sens. Environ. 2
019, 225, 127–147.

98. Shepherd, J.M.A.; Strother, C.T.; Horst, A.; Bounoua, L.; Mitra, C. Urban Climate Archipelagos: A New Framework for U
rban Impacts on Climate; Earthzine: Washington, DC, USA, 2013; Available online: https://earthzine.org/urban-climate-
archipelagos-a-new-framework-for-urban-impacts-on-climate/ (accessed on 13 August 2020).

99. Jeevalakshmi, D.; Narayana Reddy, S.; Manikiam, B. Land surface temperature retrieval from LANDSAT data using em
issivity estimation. Int. J. Appl. Eng. Res. 2017, 12, 9679–9687.

100. Hayhoe, K.; VanDorn, J.; Croley, T.; Schlegal, N.; Wuebbles, D. Regional climate change projections for Chicago and th
e US Great Lakes. J. Great Lakes Res. 2010, 36, 7–21.

Retrieved from https://encyclopedia.pub/entry/history/show/40019


