
2965Sensors and Materials, Vol. 36, No. 7 (2024) 2965–2982
MYU Tokyo

S & M 3713

*Corresponding author: e-mail: chenchao@usts.edu.cn
https://doi.org/10.18494/SAM5024

ISSN 0914-4935 © MYU K.K.
https://myukk.org/

Remote-sensing-based Approach to Analysis 
of Thermal Environment for Island-type City

Yankun Chen,1 Chao Chen,2* Jiayin Yang,3 Zhisong Liu,1 and Taohua Ren1

1School of Information Engineering, Zhejiang Ocean University, Zhoushan 316022, China
2School of Geography Science and Geomatics Engineering, Suzhou University of Science and Technology, 

Suzhou 215009, China
3Geography Department, University College London, London WC1E 6BT, United Kingdom

(Received February 16, 2024; accepted June 3, 2024)

Keywords:	 impact analysis, land surface temperature retrieval, satellite remote sensing, spatiotemporal 
characteristics, urban heat island 

	 How to rapidly and effectively monitor the distribution and intensity of the urban thermal 
field in island-type cities, especially for understanding the impact of human activities on the 
urban thermal environment, is an urgent need to address environmental issues. Satellite remote 
sensing and geographical information system (GIS) techniques are used to retrieve the land 
surface temperature (LST), analyze the urban heat-island (UHI) effect to clarify its 
spatiotemporal characteristics and evolution rules, and clarify the impact of human activities on 
the thermal environment of an island-type city. The validity and applicability of the proposed 
method are demonstrated experimentally on Zhoushan Island, China. (1) The surface 
temperature of Zhoushan Island gradually decreases from the surrounding to the interior, high-
temperature areas are mainly distributed in highly urbanized coastal areas with frequent human 
activities, and low-temperature areas are mainly distributed in interior regions with high 
vegetation coverage. (2) During the study period, the proportion of heat-island areas increases 
gradually, and areas with high heat-island levels are mainly distributed in the highly urbanized 
areas along the coast. (3) The proportion of heat-island of different levels changes negligibly, 
while moderate-temperature areas evolve into higher level heat-island areas. (4) LST and the 
UHI effect are negatively correlated with vegetation coverage and positively correlated with the 
density of urban buildings. The results of this study provide data support for urban planning and 
are of great significance for the sustainable development of sea island cities.

1.	 Introduction

	 In recent years, the continuous rise in global temperature has resulted in climate anomalies 
and the degradation of ecological environments, posing threats to human survival.(1–4) In 
addition, the increasing urban population and the scale of urban construction also aggravate the 
intensity of urban heat islands (UHIs), affecting public health and air quality and resulting in the 
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increased consumption of all types of energy, which has a direct impact on human life.(5–8) On 
islands, the level of the heat-island effect can directly reflect the cumulative effect of human 
activities on the UHI effect.(9–11) Few researchers have studied the UHI effect of islands because 
the natural advantage of islands surrounded by the sea causes people to ignore the possibility of 
the UHI effect.(12,13) Therefore, timely and accurate knowledge of UHIs in island areas will help 
alleviate the serious economic, ecological, and public health problems caused by the UHI effect 
and promote the sustainable development of island areas.
	 The study of UHIs has more than one hundred years of history, and the research methodology, 
which is a phased approach, has been gradually completed.(14,15) First, to maintain the continuity 
of the time scale, scientists chose to use surface meteorological data to study UHIs, which 
mainly includes two research areas: urban canopy heat islands and urban boundary layer heat 
islands.(16–18) Although this method has good continuity, the discrete point data and linear data 
stacking cannot be directly equated to the surface temperature plane data. In addition, there are 
still some problems such as the unclear analysis of internal structure characteristics, the neglect 
of the urban layout, and the low precision of scale conversion. Since then, the other methods used 
to study UHIs have been put forward, such as the fixed point observation, meteorological, 
moving transect, remote-sensing monitoring, and model simulation methods. The fixed point 
observation method allows the direct measurement of temperature differences at specific 
locations but is labor-intensive.(19,20) The meteorological method uses the weather station 
network to monitor the temperature of the city and surrounding areas, providing reliable long-
term data, but it cannot provide high-resolution data, and the site layout cannot cover the entire 
city.(21) In the combined use of mobile sensors and meteorological data, the moving transect 
method can provide a more comprehensive UHI image, but it requires a high economic cost.(22,23) 
After a long period of verification, the meteorological and remote-sensing monitoring methods 
are found to have the ability to monitor UHIs over a large range as well as good applicability and 
accuracy. Thus, they are widely used by experts and scholars.(24–27)

	 Land surface temperature (LST) plays an important role in the process of energy exchange 
between the land surface and the atmosphere, and has important research value in the fields of 
surface radiation energy balance, global climate change, urban thermal environment, and 
resource environment monitoring.(28–30) Recently, Jallu et al. even have explored the impact of 
COVID-19 on different land cover types in surface heat-islands and found that the average 
surface temperatures in New Delhi, Hyderabad, and Mumbai in April 2020 (post-lockdown) 
decreased by 5, 1.9, and 0.26 ℃, respectively, compared with the pre-lockdown period in 2019.(31) 
Their study revealed that the virus-induced chain reaction, which was characterized by 
diminished human activities leading to the temporary closure of numerous factories, public 
facilities, and buildings, significantly mitigated the UHI effect, underscoring its substantial 
humanistic and social implications. LST is a key factor in studying the process of the 
UHI effect.(32) Since the surface temperature cannot be detected artificially or by instruments, 
remote-sensing retrieval is generally performed in scientific research.(33–35) With the wide 
application of satellite image data in various fields, the progress of thermal infrared remote-
sensing technology and the rapid development of remote-sensing technology make it practical to 
monitor LST over a large range conveniently.(36–39) Since the 1960s, both domestic and 
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internation scholars  have explored LST retrieval methods for remote-sensing data, atmospheric 
correction-based methods, and single-channel, monowindow, split-window, and multichannel 
algorithms, to name a few.(40) On the basis of these algorithms, many improved algorithms have 
been developed in accordance with the characteristics of specific data and the actual situation in 
the application.(41,42) Among these, the monowindow algorithm stands out as the simplest and 
most straightforward method; it was derived on the basis of the surface heat radiative conduction 
equation taking into consideration the specific characteristics of Landsat TM 6.(43) This 
algorithm only requires three parameters, atmospheric transmittance, surface emissivity, and 
average atmospheric temperature, to retrieve surface temperature. This method has been widely 
used with high accuracy. It has become the most representative LST remote-sensing retrieval 
algorithm among monowindow algorithms and is widely used by scholars and research experts. 
Satellites and sensors using remote-sensing data for LST retrieval are gradually increasing in 
number, such as Landsat-8, Tiangong-2, GF-5, and FY series satellites. The research is 
concentrated in developed cities such as Beijing, Shanghai, Hangzhou, Jinan, Shijiazhuang, 
Nanjing, and other populous urban centers. In addition, some experts have selected representative 
sites, such as Fuzhou (surrounded by mountains), Pingxiang (pilot city for sponge city 
construction), and Dongchangfu in Liaocheng (known for having the largest artificial urban 
freshwater lake). 
	 In this work, the remote-sensing monitoring method is used to study the heat-island effect of 
island-type cities, LST data are obtained via Landsat thermal infrared data retrieval, and the 
mean and standard deviation of temperature are used to determine the threshold to delineate the 
heat-island area, calculate the heat-island intensity, and analyze its relationship with natural 
factors (NDVI) and human activities (NDBI). Zhoushan Island is selected to carry out the 
verification experiment. The results of this study can provide data support and technical support 
for urban scientific management and regional planning.

2.	 Study Area and Datasets

2.1	 Study area

	 Zhoushan City is the only provincial-level prefecture composed of an archipelago consisting 
of 2085 islands with a total area of 22200 km2. Among them, Zhoushan Island is the fourth 
largest island in China after Taiwan Island, Hainan Island, and Chongming Island.(44) It is 
shaped like a boat, lying slightly from the northwest to the southeast, with a maximum length of 
44 km and a maximum width of 18 km.(45,46) It is located at the intersection of the golden 
coastline of eastern China and the golden waterway of the Yangtze River, backed by the vast 
economic basin of the Yangtze River Delta. The climate is typical of the subtropical ocean 
monsoon zone and is highly seasonal, being hot and rainy in summer and mild in winter. The 
location of Zhoushan Island is shown in Fig. 1.



2968	 Sensors and Materials, Vol. 36, No. 7 (2024)

2.2	 Datasets

	 The Landsat program is a land-based satellite project jointly implemented by the National 
Aeronautics and Space Administration (NASA) and the United States Geological Survey 
(USGS).(47,48) Since the successful launch of Landsat 1 on 23 July 1972, the United States has 
developed and launched eight more satellites in the Landsat series (Landsat 6 failed).

Fig. 1.	 (Color online) Location of study area. The base map is a true color composite of Landsat 8 images that rank 
band composites in the order of red, green and blue bands.
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	 In this study, five years of Landsat satellite data from 2000 to 2020 are selected for research, 
and the specific information is shown in Table 1. The data are from Geospatial Data Cloud 
(http://www.gscloud.cn/search) and Glovis (https://glovis.usgs.gov).

3.	 Methodology

	 In this study, the thermal infrared band of Landsat images is used to retrieve LST, delineate 
the intensity of the UHI, distinguish the spatial extent of the UHI, and clarify the characteristics 
of the spatial and temporal distributions of the UHI on Zhoushan Island. Using optical bands, the 
normalized difference vegetation index (NDVI) and normalized difference built-up index 
(NDBI) are calculated to analyze the impact of human activities on the urban thermal 
environment. This study mainly consists of the following steps. (1) Remote-sensing images 
covering the study area from 2000 to 2020 are selected and subjected to radiometric calibration, 
atmospheric correction, and other operations. (2) The land surface temperature is retrieved, the 
threshold to divide the heat-island area is determined, and the urban heat intensity is calculated. 
(3) The heat-island proportion map is combined with the urban heat intensity distribution to 
analyze the spatial and temporal distribution characteristics of the heat-island in Zhoushan, and 
then, the NDVI and NDBI are calculated to carry out correlation analysis. The detailed technical 
process is shown in Fig. 2.

3.1	 Preprocessing of data

	 There are many bands of remote-sensing data in the Landsat series, and the problems of 
“same-spectrum foreign matter and same object but different spectrum in surface cover” easily 
occur in the process of extracting ground objects. Therefore, the direct use of original images 
can cause distortion and errors in actual research. This is why preprocessing is particularly 
important. First, images covering the study area from 2000 to 2020 with good imaging quality 
are selected. Subsequently, radiometric calibration and atmospheric correction are performed. 
Radiation calibration is an important part of remote-sensing image preprocessing, and its 
function is to obtain the absolute radiation luminance value and other physical quantities. The 
effect of atmospheric correction is to eliminate the radiation errors caused by atmospheric 
aerosols, cloud particle absorption, atmospheric scattering, and illumination in remote-sensing 

Table 1 
Information of thermal infrared data from the Landsat satellite.
Imaging time Satellite Sensor Band Spatial resolution (m)

2000.09.18 Landsat 5 Thematic Mapper Band 6 Thermal 
(10.40–12.50 µm) 120

2005.06.04 Landsat 7 Enhanced Thematic 
Mapper Plus

Band 6 Thermal 
(10.40–12.50 µm) 602011.05.20

2015.08.03
Landsat 8 Thermal Infrared 

Sensor

Band 10 TIRS1 
(10.6–11.19 µm) 100

2020.08.16 Band 11 TIRS2 
(11.5–12.51 µm) 

https://glovis.usgs.gov
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image preprocessing in order to realize the retrieval of the real surface reflectance of the ground 
object. The FLAASH model is used for the atmospheric correction of the process in this 
research.

3.2	 LST retrieval and UHI determination

3.2.1	 LST retrieval

	 In this research, the atmospheric correction method is used to retrieve LST. The atmospheric 
correction method, also known as the radiative transfer equation (RTE) method, is based on the 
principle that the thermal radiation received by the satellite sensor is mainly composed of three 
parts: the upward radiation of the ground, the radiation of the atmosphere reflected by the 
ground to the sensor, and the upward radiation of the atmosphere.(49,50) To obtain accurate 
ground thermal radiation values, it is necessary to remove the effect of atmospheric action 
received by the satellite sensor. Such elimination mainly includes two methods: one is to 
estimate the effect of the atmosphere on the thermal radiation of the surface using algorithms 
such as MODTRAN, LOWTRAN, and 6S, and the other is to directly obtain the measured 
atmospheric profile data consistent with the satellite transit time. Finally, the surface thermal 
radiation removed by atmospheric action is retrieved from the real surface temperature. The 
calculation formula of the RTE method is

Fig. 2.	 (Color online) Flowchart of technical process.
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where Lsensor is the radiation received by the satellite sensor (w / (m2 ∙ sr ∙ μm)); ε is the land 
surface emissivity; B(TS) is the blackbody radiation; TS is the land surface temperature (K); Latm↓ 
is the atmospheric downward irradiance; Latm↑ is the atmospheric upward irradiance; and τ is the 
atmospheric transmissivity.
	 The surface temperature can be calculated using Planck’s formula, which is given by
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where TS is the land surface temperature (K) and K1 and K1 are constants. For different Landsat 
data, K1 and K1 take different values:

	 For Landsat 5 TM, K1 = 606.76 W/(m2 × sr × μm), K2 = 1260.56 K.
	 For Landsat 7 ETM+, K1 = 666.09 W/(m2 × sr × μm), K2 = 1282.71 K.
	 For Landsat 8 OLI/TIRS, K1 = 774.89 W/(m2 × sr × μm), K2 = 1321.14 K.

3.2.2	 Grade distribution of UHI and urban heat intensity calculation

	 Understanding the distribution of UHIs not only offers pertinent climate information for 
urban planning and design, ensuring that buildings and infrastructure are more resilient to 
climate change, but also contributes to enhancing the quality of life, health, and social well-
being of urban residents. In this study, surface temperature is categorized into seven categories 
using the mean-standard deviation method, and the two highest and two lowest heat-island 
categories are combined separately. The specific formula is

	 T A X sd= ± ⋅ ,	 (3)

where T represents the calculated temperature threshold; A is the mean surface temperature of 
the study area; sd is the standard deviation of the surface temperature of the study area; and X is 
a multiple of the standard deviation and takes the value of 0.5, 1.0, or 1.5.
	 On the basis of the above formula, the UHI grade in the study area can be categorized into six 
categories: strong heat-island, stronger heat-island, moderate-temperature, weaker heat-island, 
weak heat-island, and no heat-island areas.
	 Furthermore, urban heat intensity data are calculated. Such data can be used to provide 
guidance for urban planning and to help planners better understand the degree and distribution 
of the UHI effect in order to take corresponding measures to improve the environment. In 
addition, they can be used to monitor, assess, and quantify the severity of the UHI effect and can 
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provide critical information about intracity temperature differences for climate adaptation, 
environmental protection, and health research. Heat-island intensity refers to the difference 
between the average surface temperatures of high-density urbanized areas and suburban areas 
(areas with high vegetation coverage).(51,52) The specific formula is

	 _ u sUH INT LST LST= − ,	 (4)

where UH_INT is the urban heat intensity; LSTu is the average LST of high-density urban built-
up areas; and LSTs is the average LST of suburban areas. According to the actual situation of 
surface temperature inversion in Zhoushan City, LSTu is taken as the average regional surface 
temperature for NDBI > 0.02 and LSTs  is taken as the average regional surface temperature for 
NDVI > 0.5.

3.3	 Analysis of anthropogenic impacts on the urban thermal environment

	 The UHI effect is significantly related to air temperature, and NDVI and NDBI can 
consequently reflect urban heat intensity and land cover type. Therefore, analyzing the 
correlation between them can reveal the climate impact of UHIs and help researchers better 
understand urban climate change, contributing to the achievement of urban sustainability goals.

3.3.1	 Calculations of NDVI and NDBI

	 NDVI as a common remote-sensing index is used to evaluate the condition and distribution of 
vegetation on the land surface.(53,54) It is widely used in environmental monitoring, agriculture, 
forestry, urban planning, meteorology, geology, and other fields. NDVI is mainly calculated by 
analyzing the reflection of visible and near-infrared wavelengths. The calculation formula is

	 NIR REDNDVI
NIR RED

−
=

+
,	 (5)

where NIR is the reflection of the near-infrared band and RED is the reflection of the red band.
	 NDBI is a kind of index used in remote sensing and telemetry to identify and evaluate 
building cover on the ground. It is often used in urban planning, land use research, urban 
expansion monitoring, building change detection, and disaster assessment. The calculation 
formula is

	 MIR NIRNDBI
MIR NIR

−
=

+
,	 (6)

where NIR is the reflection of the near-infrared band and MIR is the reflection of the mid-
infrared band.
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3.3.2	 Impact analysis

	 Since LST is strongly correlated with vegetation and the degree urban construction (LST is 
low in areas with high vegetation coverage and high in areas with high urban built-up areas), the 
retrieved LST can be correlated with NDVI and NDBI to calculate the correlation coefficient. We 
use the Pearson correlation coefficient to measure the correlations between LST and NDVI as 
well as between LST and NDBI. The Pearson correlation coefficient takes a value between -1 and 
1, with values close to 1 indicating a positive correlation, values close to -1 indicating a negative 
correlation, and values close to 0 indicating no correlation.

4.	 Results and Analysis

4.1	 LST retrieval

	 LST retrieval is a process of estimating the earth surface temperature using remote-sensing 
technology or model. This process can provide valuable data support for monitoring the 
changing trend of earth surface temperature and necessary information for the study of the UHI 
effect. In this study, remote-sensing images of five periods (September 2000, June 2005, May 
2011, August 2015, and August 2020) are selected for LST retrieval, and the results are shown in 
Fig. 3.
	 Figure 3 shows that the surface temperature of Zhoushan Island exhibits the trend of being 
high around the periphery and low in the interior. High-temperature areas are predominantly 
found along the coastal areas of Zhoushan Island and identified as built-up areas when cross-
referenced with the satellite image in Fig. 1. This reveals a greater correlation between higher 
surface temperature and human activities.
	 To better understand the climate change of Zhoushan Island and deeply analyze the change of 
the heat-island effect in Zhoushan Island, the interannual mean and standard deviation of surface 
temperature in Zhoushan Island are statistically calculated and shown in Table 2.
	 Figure 4(a) and Table 2 show that the average surface temperature in 2000 was 31.12 ℃, the 
water body temperature was basically maintained at 20.00–30.00 ℃, and the temperature in the 
central area of high dense vegetation was about 30.00 ℃, which was slightly lower than that in 
the surrounding agricultural areas. In general, there is no significant difference in temperature 
between areas. The results show that the temperature gap between the high-vegetation-cover 
areas and the rural areas was small in 2000, and the human activities in the suburban areas had 
no significant effect on the increase in surface temperature. The distribution of the high- 
temperature areas in the middle is scattered, and there is a clear delineation between the high- 
temperature areas and the outer area, which is due to the scattered distribution of villages under 
the characteristics of vegetation cover. The outer high-temperature areas are mainly distributed 
in the south and southeast of Zhoushan Island, which are the high-density urban built-up areas in 
Dinghai District and Putuo District, and their surface temperatures are above 40.00 ℃.
	 Figure 4(b) and Table 2 show that the average surface temperature of Zhoushan Island in 
2005 was 30.23 ℃, which was slightly lower than that in 2000. This difference may be attributed 
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to seasonal factors. In the subtropical monsoon climate, the overall temperature in June is 
usually lower than that in September. However, in 2005, the number of high-temperature areas 
increased markedly, and the distribution tended to be more concentrated, from scattered high- 
temperature areas to more dense block areas. In addition, the high-temperature areas were more 
widespread in 2005, covering almost all regions, including the southwest, west, and north, which 

Table 2 
Mean and standard deviation of land surface temperature from 2000 to 2020 (℃).

2000 2005 2011 2015 2020
Mean 31.12 30.23 32.12 37.29 40.43
Standard deviation 1.61 2.11 2.92 3.02 3.45

Fig. 3.	 (Color online) Retrieval results of LST from 2000 to 2020.

(a) 2000 (b) 2005

(c) 2011 (d) 2015

(e) 2020
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did not have significantly high temperatures in 2000. Compared with 2000, the range of high- 
temperature areas in the central region of the island expanded and obviously extended outward.
	 Figure 4(c) and Table 2 show that the average surface temperature of Zhoushan Island in 2011 
was 32.12 ℃, which was 2.00 ℃ higher than that in 2005. Compared with Figs. 4(a) and 4(b), 
vegetation-covered and urbanized areas showed a more significant temperature difference in 
2011. The average temperature in the central vegetated areas was about 30 ℃, and the extent of 
the urban high-temperature areas expanded compared with 2005, transitioning from block areas 

Fig. 4.	 (Color online) Heat-island classification maps from 2000 to 2020.

(a) 2000  (b) 2005

(c) 2011 (d) 2015

(e) 2020
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to planar areas. In addition, the temperature of the high-temperature areas in the north and 
northwest increased significantly, up to 50.00 ℃, while the temperature in the western high- 
temperature areas was relatively stable and the range expanded slightly. The urban built-up areas 
in the southeast and south still showed high temperature characteristics in 2011, but there was no 
significant change compared with 2000 and 2005.
	 Figure 4(d) and Table 2 show that the average surface temperature of Zhoushan Island rose 
sharply in 2015, reaching 37.29 ℃. However, this change was also affected by climate factors, 
because the average temperature in August is usually the highest in the annual temperature data. 
In terms of temperature distribution, the temperature difference between the inland vegetated 
areas and the urban built-up areas increases significantly, and the overall temperature shows a 
decreasing trend from the outside to the interior. The high-temperature areas in the southwest  
significantly decreased in scope compared with that in 2011, while the high-temperature areas in 
the northwest also decreased in scope, but their distribution was more dense and their 
temperature was higher. As can be seen from Fig. 4(d), the high-temperature areas were basically 
consistent with the coastline, indicating that the urban construction in the northwest gradually 
had moved toward the coastline since 2011. In the northeast, because of the expansion of 
Zhoushan Island, the high-temperature areas also expanded.
	 From both Fig. 4(e) and Table 2, it can be seen that the average surface temperature of 
Zhoushan Island in 2020 was still elevated, reaching 40.43 °C. The temperature distribution was 
roughly the same as that in 2015, with a slight expansion of the range of high-temperature areas, 
especially in the northeastern built-up expansion areas, and the range of high-temperature areas 
in the southeastern urban built-up areas of Putuo was also more extensive than in 2015. Overall, 
the temperature difference between the vegetation-covered areas and the urban built-up areas on 
the island was more significant in 2020. This may be due to seasonal factors: vegetation growth 
is at its peak in August, and the heat dissipation effect of plants and soil on the surface is more 
pronounced.

4.2	 Analysis of the UHI effect

4.2.1	 Grade distribution of UHI

	 The UHI effect might have negative effects on the health of residents and the environment. 
By categorizing the heat-island, it is possible to accurately locate the areas affected by severe 
UHI effects, so that appropriate measures can be taken to improve air quality, reduce heat stress, 
and improve the living environment. With an in-depth understanding of the distribution of heat 
islands in different areas within cities, urban planners and governments can manage urban 
resources more effectively and formulate more targeted urban planning policies to reduce the 
negative impact of the UHI effect.
	 In this study, the UHIs of Zhoushan Island are categorized into six categories using the mean-
standard deviation method, the grade distribution maps of the UHIs, and the percentage of each 
area (in September 2000, June 2005, May 2011, August 2015, and August 2020) and are plotted 
and statistically calculated, as shown in Figs. 4 and 5.
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	 Figure 4 shows the characteristics of heat-island distribution. The strong heat-island areas are 
mainly concentrated in urban built-up and suburban built-up areas. The no heat-island and weak 
heat-island areas are mainly concentrated in the areas of highly dense vegetation, water bodies, 
and agricultural development areas, while the moderate-temperature areas are the transition 
areas between weak and strong heat islands. In 2000, the distributions of strong and stronger 
heat islands were scattered, but gradually became concentrated over time. The stronger heat-
island areas are gradually spreading to coastal areas. The distributions of heat-island levels in 
2011, 2015, and 2020 were relatively consistent, and the distribution areas of heat islands of the 
same level also showed a high degree of consistency, indicating that the pattern of UHIs on 
Zhoushan Island has been gradually becoming finalized since 2011.
	 The proportions of different categories of UHI on Zhoushan Island in Fig. 5 show that the 
proportion of areas of strong heat-island intensity increased gradually with time. There is no 
obvious difference between the proportions of weak heat, weaker heat, and strong heat islands in 
the 20-year time-series observation. However, the proportion of moderate-temperature areas 
gradually decreased, indicating that the moderate-temperature areas gradually changed into 
stronger and strong heat-island areas. Compared with 2000, there was no significant change in 
the proportion of heat-island intensity areas in 2005, but the proportion of no heat-island areas 
decreased and that of weak heat-island areas increased, indicating that some of the no heat-island 
areas were transforming into weak heat-island areas. However, the proportions of no and strong 
heat-island areas reached their maximum in 2011, showing that the UHI effect was the most 
severe in 2011. The proportions of UHIs in 2015 and 2020 were basically the same, but the 
proportion of strong heat islands in 2020 increased by 1.47% compared with 2015. Furthermore, 
the proportions of areas unaffected by the UHI effect in 2011, 2015, and 2020 were marginally 
higher than in the preceding years. These areas are predominantly found in regions with dense 
vegetation, highlighting the significant impact of extensive vegetation coverage on mitigating 
the UHI phenomenon.

Fig. 5.	 (Color online) UHI grade distributions from 2000 to 2020.
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4.2.2	 Intensity analysis of UHI

	 To measure the difference in LST between urban areas and the surrounding countryside and 
quantify the extent of the UHI effect, the urban heat intensities for 2000–2020 were calculated 
and are shown in Table 3.
	 According to Table 3, it is evident that urban heat intensity exhibits a gradual increase over 
time. In 2000, the value was 5.45 ℃, and in 2005, it slightly increased to 5.47 ℃, with no 
significant gap observed. However, it showed a sharp rising trend from 2005 to 2011 and 
increased by about 0.6 ℃ from 2011 to 2020.

4.3	 Factors affecting the spatial patterns of NDVI and NDBI on Zhoushan Island

	 In previous studies, it has been speculated that LST is strongly correlated with surface 
vegetation and urban built-up areas (areas with high vegetation coverage usually have lower land 
surface temperature, while areas with high density in urban built-up areas usually have higher 
LST). Therefore, the retrieved LST is correlated with NDVI and NDBI. The calculated correlation 
coefficients between them are shown in Table 4.
	 Table 4 shows that the absolute value of the correlation coefficient between LST and NDVI 
shows a downward trend. The negative correlation between LST and NDVI gradually weakened, 
but still remained negative. Despite the downward trend, their correlation coefficients 
maintained a relatively high absolute value, indicating a significant correlation between LST and 
NDVI. On the other hand, there is a positive correlation between LST and NDBI: with the 
increase in NDBI, LST shows a rising trend, while the decrease in urban construction leads to the 
decrease in LST.

Table 4
Correlation coefficients between LST and indices.
Years NDVI correlation coefficient NDBI correlation coefficient
2000 −0.6639 0.7043
2005 −0.6849 0.7765
2011 −0.8018 0.8322
2015 −0.7157 0.6698
2020 −0.6977 0.7577

Table 3 
Urban heat intensities from 2000 to 2020 (℃).

Years Average temperature in area 
covered with vegetation

Average temperature in area 
covered with urban built-up Urban heat intensity

2000 30.49 35.94 5.45
2005 29.26 34.74 5.47
2011 29.21 37.96 8.74
2015 35.09 43.51 8.42
2020 38.09 47.45 9.36
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5.	 Discussion

5.1	 Reliability of the methodology

	 Using Landsat satellite images, we retrieve the LST of Zhoushan Island, produce the spatial 
and temporal distribution maps of LST, and divide the urban heat-island level. Landsat satellites 
have created the longest continuous Earth observation dataset with nearly 50 years of consistent 
high-quality scientific data in terms of spatial resolution, calibration capabilities, and spectral 
characteristics, providing accurate data for UHI studies.
	 The Pearson correlation is sensitive to linear relationships. It can accurately express the 
relationship between two variables and has good mathematical performance. It is widely used in 
statistics, social science, natural science, economics and other fields. It can help to accurately 
and deeply analyze the relationship between LST and various indices.

5.2	 Uncertainty of the results

	 There are some uncertainties in the annual LST retrieved from Landsat satellite imagery. In 
this study, five high-quality images were selected to analyze the UHI effect of Zhoushan Island, 
such that the influence of cloud cover on LST retrieval was reduced as much as possible. 
However, excessive cloud cover adversely impacts the availability of high-quality images that 
can be selected.

6.	 Conclusions

	 In this study, Landsat satellite data were used to prepare the spatiotemporal distribution map 
of Zhoushan Island surface temperature, and the mean-standard deviation method was used to 
classify the UHI and monitor the spatiotemporal changes of UHI. Finally, the correlations 
between LST and the NDVI, as well as between LST and the NDBI, were analyzed. The 
conclusions are as follows.

(1) The average LST on Zhoushan Island shows an increasing trend. The high temperature areas 
are mainly distributed in the dense urban areas along the coast, while the low temperature 
areas are mainly distributed in high vegetation cover areas in the interior. The high 
temperature areas gradually concentrate in the coastal areas.

(2) According to the grade distribution and proportions of heat-island areas, weak heat-island 
areas and weaker heat-island areas are stable, and the moderate-temperature areas show a 
decreasing trend, indicating that they are gradually transforming into higher level heat-
island areas. The proportion of heat-island areas shows an increasing trend, and the change is 
most significant in 2011. The no heat-island areas are mainly distributed in the inner areas 
with high vegetation cover, while the areas of high heat-island level are mainly distributed in 
the coastal highly urbanized areas. In general, the grades of UHIs on Zhoushan Island show 
a decreasing trend from the periphery to the inner part of the island.



2980	 Sensors and Materials, Vol. 36, No. 7 (2024)

(3) The urban heat intensity in Zhoushan Island escalated from 5.5 °C in 2000 to 9.4 °C in 2020, 
demonstrating a gradual intensification of the UHI effect. The UHI grade distribution map, 
LST retrieval map, and urban heat intensity have not changed significantly since 2011, 
indicating that the UHI effect in Zhoushan Island has stabilized since 2011.

(4) There are high correlations between LST and NDVI, as well as between LST and NDBI. LST is 
negatively correlated with vegetation coverage and positively correlated with construction 
coverage.

	 The distribution of the intensities of the urban heat-island areas is heterogeneous and is 
closely related to human activities and economic development. UHIs interact with the urban 
climate, but atmospheric factors do not exist in isolation, and the urban heat intensity does not 
affect the UHI effect independently. Therefore, the study of the relationship between UHI and 
urban pollution islands and their joint role in urban climate should also be an important direction 
for future urban heat-island research. 
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