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ABSTRACT 
The purpose of the presented study is to evaluate the compre
hensive impact of different land cover types on the temperature 
development in the entire Shandong Province by a 20-year-long 
(MODIS) LST time series from 2003 to 2022. To find out the pri
mary influencing factors, methods such as the Pearson correlation, 
stepwise analysis, and best-subset selection were applied. The 
results revealed that the average temperatures had been rising in 
summer during day- and night-time by 2.32 �C and 1.22 �C, 
respectively and in winter during day- and night-time by 3.25 �C 
and 1.33 �C, whereby a significant contribution can be attributed 
to the period 2014-2022. Substantial variations in LSTs emerge 
between built-up and vegetated areas and landlocked and coastal 
regions. Moreover, we could identify a contribution of 0.089 �C, 
caused merely by the extension of built-up areas of 1.65% in the 
entire Shandong Province. Modeling the combined effects of fur
ther relevant variables/factors, the percentage of cropland area 
(crop-per) and the number of landscape patches (NPl) indicate 
considerable influence on the daytime temperature in the tem
poral domain.
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1. Introduction

In recent years, rapid urban sprawl and progressive population growth have led to the 
replacement of land cover, further affecting the rise in land surface temperatures (Barman 
et al. 2024, Chen et al. 2023, Tuholske et al. 2021). Land surface temperature (LST) is a 
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primary key parameter influencing the physical, chemical and biological processes of the 
Earth. It plays a crucial role in climate change, evapotranspiration, hydrological cycle, 
vegetation monitoring, and thus, in urban climate and environmental studies (Peng et al. 
2018; Hansen et al. 2010; Ye et al. 2017). Against the background of global warming and 
frequent extreme weather, the changes of LST are of great concern not only to social life 
and public health, but also to the stability of ecosystems (Fida et al. 2024; Zhang et al. 
2023). Owing to the high heterogeneity of land surface features comprising build-up areas, 
vegetation canopies, topography, and different types of soils (Liu et al. 2016; Neteler 
2010), LST varies in space and time (Prata et al. 1995; Li et al. 2011). Therefore, it is of 
great importance to further consider the influencing factors of the LST distribution and 
its seasonal/temporal evolution.

There are many studies on land surface temperature that can roughly be classified into 
three categories. First, there is quite a large number of publications on LST retrieval algo
rithms and methods like those presented by Prata et al. (1995) and Dash et al. (2002). 
Second, there are numerous studies dealing with the dynamic changes of the urban ther
mal environment. They focus primarily on the distribution of spatial-temporal changes of 
LST, heat islands, the development of morphological features, and the environmental 
impacts they cause (Luintel et al. 2019, Zhang et al. 2023). A third emphasis is on 
researching the relationship between LSTs and their influencing factors as well as possible 
interactions. In general, there are three major and widely focused factors concerning this 
subject. (1) Surface biophysical parameters such as land use and land cover information 
(Fida et al. 2024; Liu et al. 2016) that show an acceptable linear relationship with LSTs. 
(2) Landscape metrics, especially urbanization and different types or proportions of land
scape components that have been studied by Chen et al. (2023) and Zhou et al. (2017). 
(3) Socio-economic factors such as population density and GDP have also proven a sig
nificant effect on LSTs and, especially, on the formation of urban heat islands (UHI) 
(Kotharkar and Surawar 2016; Huang and Cadenasso 2016).

For China, as one of the world’s fastest growing urbanized countries, it is also of great 
interest to consider the spatial, temporal and trend variations on annual and seasonal 
time-scales in order to better understand the associated processes. Previous studies such 
as the ones by Liu et al. (2016) and Peng et al. (2018) have achieved good results, but 
failed to integrate the overall influencing effects of land cover, urban sprawl, vegetation 
space, waterbody, build-up metrics, landscape metrics and socio-economic factors on LST. 
It is, therefore still difficult to determine the predominant factors influencing LSTs in the 
various provinces of China. Apart from that, there is still a lack of research concerning 
the detailed quantification and interpretation of temperature variations, including their 
driving factors.

One key topic in exploring the relationship between LSTs and their driving factors is 
the choice of the most suitable model. In order to quantitatively investigate this issue, the 
most commonly used methods include Pearson correlation analysis and general least 
square regression analysis. (Chen et al. 2023; Du et al. 2022; Guo et al. 2020). To measure 
spatial correlations, some studies used geographically weighted regressions (Guo et al. 
2020), while stepwise regressions were often applied in multivariate analysis to find an 
optimal model (Asgarian et al. 2015). However, these models do not capture dominant 
factors neither a ranking of all the influencing factors.

Thus, the motivation for our study resulted from a missing holistic approach to ana
lyze spatiotemporal variations of an extended area over a long time period and find and 
investigate the most significant driving forces for the extracted variations. For that pur
pose, the entire province of Shandong was selected, as a long time series of thermal 
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observations are available here, recorded by the MODIS sensor from 2003 to 2022. 
Thereby, our study focused on the following aspects. The investigation of the spatial and 
temporal variations of the LSTs within this time period and the trends that can be derived 
from them and the interrelations to changes of land cover, urban sprawl and LSTs by uti
lizing correlation techniques and methods of best-subset selections. Thereby, association 
between the LST trends and various factors such as surface biophysical parameters, built- 
up metrics, landscape metrics and socio-economic factors can be derived. This knowledge 
can provide a theoretical basis for rational urban development planning, improving the 
ecological environment and promoting sustainable development in the future.

2. Materials and methods

2.1. Study area

The Shandong Province (Figure 1) covers an area of 157,100 km2 and is located on the 
east coast of China (114�360-122�430E, 34�250-38�230N). The western part is landlocked, 
while the eastern part of the province is shaped like a peninsula protruding into the 
Yellow Sea. In the central part of the province, the mountainous areas are ascending, 
where Mount Tai represents the highest elevation in the Shandong Province with an alti
tude of up to 1524 meters. In the southwest and northwest, more low-lying and flat areas 
are located. The region is characterized by a warm temperate monsoon climate with con
centrated precipitation and heat during the short spring and autumn, and long winter 
and summer periods. The duration of sunshine is long, and the annual average precipita
tion ranges between 550 mm and 950 mm. The Shandong Province is one of the most 

Figure 1. Sketch map of the study area.
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important economic regions of China. Its population ranks second and the gross domestic 
product (GDP) third.

2.2. Data source

1840 MODIS 11A2 recordings of day and night data of the period from 2003 to 2022 
were obtained from NASA’s website. MODIS 11A2 is an 8-day LST level3 product pro
viding data at a spatial resolution of 1 km, fully calibrated and corrected for atmospheric 
and aerosol attenuations. Different methods are used to process single data takes, for e.g. 
monthly average temperatures by cropping, numerical conversion and synthesis. Further 
MODIS data at a spatial resolution of 0.5 km (12Q1) were obtained from satellite compos
ite products (Friedl et al. 2002) as the source for estimating the land use area. Additional 
information about the population density and the GDP data was taken from the 
Shandong Statistical Yearbook. For the comparative analysis of meteorological data and 
recorded LSTs, we combined the daily average temperature with monthly average temper
atures. (https://gis.ncdc.noaa.gov/maps/ncei/summaries/daily).

2.3. Methods

The research flowchart of this study is depicted in Figure 2. After retrieving the LSTs of 
all data from the years 2003 to 2022, the respective land cover area was extracted and 
landscape metrics were calculated. Then, various models were applied to investigate the 
relative importance and marginal effects of all possible influencing factors.

Figure 2. Flowchart of the study.

4 T. CHEN ET AL.

https://gis.ncdc.noaa.gov/maps/ncei/summaries/daily


2.3.1. Retrieval of LSTs
The main process of surface temperature inversion includes: cropping the study area, 
batch processing using MODIS Reprojection Tool (MRT), converting data of geographic 
coordinates, reprojection, and converting surface temperature data. According to the 
MODIS documentation, the pixel brightness values are converted to surface temperature 
in degrees Celsius using the formula 1.

MPVK� 0:02ð Þ − 273:15½ � ¼ MPVC (1) 

2.3.2. Reclassification of land cover areas
MCD12Q1 is a level-3 product acquired by the MODIS TerraþAqua satellites, with a 
GSD of 500 m. It provides five land classification types, derived by employing a supervised 
decision tree classification. This study primarily adopts the type 1 of land classification.

2.3.3. Urban sprawl
The following equation published by Qiao et al. (2013) was used to calculate the tempera
ture rise caused by built-up areas.

Ci ¼ Dt�S (2) 

where Ci is the contribution of the functional zone or landscape to the regional LST, Dt 
is the average LST difference between the functional zone or the landscape and the entire 
area, and S is the proportion of the area.

2.3.4. Factors influencing the LST
We selected a number of variables (indices and factors), assumed to be influencing the 
LST, to estimate their impact on temperature development in relation to different land 
use classes (Tables 1 and 2). For details of the used equations and comments, see Barman 
et al. (2024), Chen et al. (2023), Li et al. (2011) and Zhou (2018).

2.3.5. Statistical analysis
To investigate the relationship between temperature and potential impact factors, several 
statistical analysis methods were used (Asgarian et al. 2015; Peng et al. 2018; Han et al. 
2023). A Pearson correlation analysis was applied to study the relationship of the recorded 
temperatures with the chosen variables and to identify distinct influencing factors on the 

Table 1. Factors influencing the LST.

Categories Variables Description

Vegetation space vegetation-per The percentage of the area covered by vegetation
crop-per The percentage of the area covered by cropland

Waterbody water-per The percentage of the area covered by water
Build-up metrics PDc Patch density

ED Edge density
LPIc Maximum patches
LSIc Shape index
AI Aggregation index

Landscape metrics NPl Number of patches
PDl Patch density
LSIl Shape index
COHESION Patch cohesion index
SHDI The Shannon Diversity Index

Socioeconomics pop-den Population density
GDP Economic growth level indicator

GEOCARTO INTERNATIONAL 5



LST. To avoid the collinearity of multiple significant influencing factors, a multiple step
wise regression was applied to calculate the comprehensive explanation rate of each strati
fication factor on LST variations. To consider all possible combinations of the variables, 
and to accurately predict the relationship between the temperature and its impact with 
small multicollinearity, the best-subset selection was chosen.

3. Results

3.1. Overall change of LSTs in space and time

To cope with the huge amount of temperature data we calculated mean values for the 
summer and winter time. Figure 3 gives an overview of the recorded average temperatures 
for the entire Shandong Province during 2003–2022 based on diurnal recordings in winter 
and summer. In general, the violin plot depicts minor temperature variations during sum
mer, both day and night, as compared to the winter recording. In June, we see the highest 

Table 2. Calculation of biophysical surface parameters.

Surface biophysical  
parameter Equation Parameter explanation

NP NP ¼ nðn � 1Þ n: Number of patches

PD PDi ¼ ni=Ai

ED ED ¼ 1
A

PM
i¼1

PM
j¼1 Pij A: Total patch area 

pij : Circumference of patch ij

LSI LSI ¼ 0:25Εffiffi
A
p

LPI LPI ¼ maxða1, ...anÞ
A aij : Area of patch ij

AI AI ¼ ½ gij
max!1 � � ð100Þ gij : Number of similar adjacent patches of  

corresponding land-scape types

COHESION COH ¼ 1 −
Pm

i¼1

Pn
j¼1 pij=

Pm
i¼1

Pn
j¼1 pij

ffiffiffiffiffi
aij
p

h i

½1 − 1=
ffiffiffi
A
p
� � 100

aij : Area of patch ij 
pij : Circumference of patch ij

SHDI SHDI ¼ −
Pm

i¼1ðPi�InPiÞ Pij : proportion of the landscape occupied  
by patch type

Figure 3. Violin plot of the monthly average temperatures in winter (December, January and February) and summer 
(June, July and August) for the Shandong Province during the years 2003–2022.

6 T. CHEN ET AL.



temperature values during daytime which also depict the largest temperature difference 
during the diurnal circle. From July to November, the day-night temperature differences 
are less strong than in the period from December to June. There is also a significant ris
ing trend in LSTs during both day and night within the time-frame of the investigated 
20 years. The temperatures of the entire Shandong Province in summer increased by an 
average of 0.116 �C per year during the day, and by an average of 0.061 �C per year, at 
night. The successive winter recordings depict a temperature increase per year by an aver
age of 0.162 �C during day and 0.067 �C at night. Generally, the rise in the average annual 
temperature in winter is higher than in summer and the rate of increase is higher during 
the day than at night for the study period. The total temperature increase for the entire 
Shandong Province during this period added up to 2.32 �C and 1.22 �C in summer during 
day- and night-times respectively and to 3.25 �C and 1.33 �C in winter during day- and 
night-times respectively.

The temperature distribution throughout the entire province is illustrated in detail in 
Figures 4 and 5. For the summer day recordings (Figure 4a), the temperatures are in gen
eral lower at the peninsula in the east along the coastline to the south and in the districts 
located NNW of the province. From 2011 on, we see a dramatic change where tempera
tures increased more significantly, especially along an E-W central trail from Liaocheng 
city to Zibo, Weifang and Qingdao. The summer night recordings show lower temperatures 
at the peninsula part of the province (Figure 4b). The winter day records (Figure 5a) also 
show lower temperatures at the peninsula in the east and frequently for the cities located in 
the NNW of the study area. The temperature distribution in 2012 and 2013 indicates a 
phase of strong cooling followed by increasing temperatures especially for the SSW. Night 
recordings during winter (Figure 5b) depict colder temperatures for the northern districts 
including the peninsula and are somewhat pronounced for the years 2010–2012. Only the 
year 2017 shows a clear increase in the overall temperatures. Thus, our findings indicate a 
reliable increase of LSTs over the course of two decades in summer as well as in winter.

Figure 4. LST distribution in summer during a) day and b) night.
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Figure 5. LST distribution in winter during a) day and b) night.

Figure 6. Temperature trends in relation to different land cover types. a) Daytime summer; b) Nighttime summer; c) 
daytime winter; d) Nighttime winter.
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3.2. Influence of different land cover types on variations of LSTs

To study the temporal changes in dependency of different land cover types, pixels/areas 
were selected that maintained the same cover class over the 18-year period. It is found 
that, in general, the temperatures of all investigated land use types show an increasing 
trend during day and night, in summer as well as winter (Figure 6). To be more specific, 
during daytime in summer, built-up areas exhibit the highest LSTs and the steepest gradi
ent (�3.2 �C), followed by croplands (�2.5 �C). Inland water bodies (lakes) followed by 
forests, show the lowest temperatures but similar temperature gradients (�2 �C). During 
daytime in winter, all land cover types depict a similar temperature increase of about 
2.1 �C in the recent 20 years. Concerning night temperatures, waterbodies with their very 
high thermal capacity show the highest temperatures followed by buildings. Croplands 
with a growth rate of 0.06 �C/y, and forests display the lower temperatures at night.

3.3. The impact of sprawling built-up areas on LST

Figure 7 illustrates the increase in temperature in relation to the annual areal increment 
of built-up areas. During the period under review, Liaocheng city sprawled by a further 
113 km2 (561 km2 to 674 km2 which corresponds to a share of 16.7%) and Heze city grew 
by an area of 112 km2 (9.8%). The coastal cities of Qingdao and Rizhao expanded by 
270 km2 (15.9%) and 116 km2 (31.2%) respectively. The mean temperature increases for 
the cities of Liaocheng and Heze was 2.73 �C and 3.35 �C and for the cities of Qingdao 
and Rizhao 2.30 �C and 2.14 �C respectively. These four cities show the highest tempera
ture increase relative to the highest expansion areas. Figure 6 also enhances the most 

Figure 7. Temperature development in four larger cities caused by urban sprawl and the accumulation of impervious 
surfaces from 2003 to 2020. Summer data of the cities of a) Liaocheng, b) Heze, c) Qingdao and d) Rizhao.
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active periods of urbanization comparing the increase in built-up areas with the respective 
time frames. Liaocheng and Heze display a higher sprawl from 2003 to 2006, and again 
during 2016 and 2017. Qingdao grew mostly from 2003 to 2007 and from 2012 to 2017 
while Rizhao expanded vigorously from 2013 to 2015. To estimate the overall impact of 
urban sprawl on the temperature development for the entire Shandong Province, the areas 
of the classification layers of building areas were surveyed. The entire Shandong Province 
covers an area of 157,100 km2, where the built-up area amounted to 12,450 km2 in 2003 
and 15,047 km2 in 2020. This corresponds to an areal accumulation of built-up areas of 
2,597 km2 in 18 years, resulting in a measurable average temperature increase of 3.33 �C. 
Using equation 1 published by Qiao et al. (2013), a contribution of 0.089 �C to the general 
temperature rise is calculated, which is solely attributable to the expansion of built-up 
areas in Shandong Province. The rise in temperatures in recent years is primarily the 
result of the generally recognized global warming, triggered by the release of increasing 
amounts of greenhouse gases into the atmosphere. But it could be unequivocally demon
strated that the continuous urban sprawl, with its related replacement of natural surfaces 
and vegetated areas by man-made materials with unfavorable thermal properties, has a 
measurable share of this issue (Qiao et al. 2013).

3.4. Analysis of the combined influence of further variables on LSTs

To explore the relationship between the temperature trends and the combined influence 
of other potential impact factors grouped in Table 1, a variety of statistical analysis meth
ods was applied. There, calculated R or R2 values shows how exactly each factor can 
explain the respective LST. The R column display the results of the Pearson correlation of 
LSTs with the corresponding factors. Thereby, all factors except water-per, LSIc, and PDl 
passed the significance test for summer daytime recordings and, thus, indicated that most 
of the factors show a high association with LSTs (Table 3). The Adj. R2 gives the result of 
a stepwise regression between each factor layer and LSTs, also indicating that all sections 
obtained nearly equal explanation rates (Table 3). In detail, the ‘landscape’ metrics cat
egory shows the highest explanation rate of 75.5%, followed by the ‘socioeconomics’ cat
egory with 74.6%. It implies that these two layers best explain the spatial differentiation of 

Table 3. Pearson correlation and stepwise regression results for factors affecting LSTs.

Categories of variables Variables

Summer data

R Adj R2

Vegetation space vegetation-per −0.722��

crop-per −0.826�� 0.682
Waterbody water-per −0.023
Build-up metrics PDc 0.765��

ED 0.823�� 0.658
LPIc 0.720��

LSIc 0.024
AI 0.678��

Landscape metrics NPl 0.773�� 0.755
PDl −0.053
LSIl 0.825�� 0.755
COHESION −0.783��

SHDI 0.798��

Socioeconomics pop-den 0.803�� 0.746
GDP 0.831�� 0.746

Note: ��represents the significance at the 0.05 level.
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LSTs in summer daytime. The category ‘waterbody’ exhibits the lowest explanation rate 
among all categories, reaching only 23%.

Table 4 depicts the results of the subset regression conducted to determine which 
model can best fit the LSTs. The selected impact factors were crop-per, ED, NPl, LSIl, 
pop-den and GDP, all of which entered the stepwise regression test. Based on these six 
significant impact factors for summer daytime recordings we established the 11 best 
regression models for our calculations. The resulting optimal subset regression model 
yields two best regression models for every change in the number of independent varia
bles. The higher the R2 value, the better the model fits the data. S represents the standard 
deviation of the error of the regression model. The lower the S value, the higher the 
model describes the response. The adjusted R2 was taken an indicator for judging the 
accuracy of the model fitting. The GDP gives the highest explanation rate for all variables 
(R2 ¼ 67.1%; S¼ 0.57) followed by the crop-per layer (R2 ¼ 66.2%; S¼ 0.58). This is con
sistent with the results of the Pearson regression analysis presented in Table 4. Compared 
to the 11 models calculated, the best model has the highest R2 value of 79.8%, and the 
lowest S value of 0.45. These two variations are crop-per and NPl. It can be deduced that 
of all tested variations, these two had the most impact on the LST in summer during 
these 18 years. Table 4 shows that each layer of variations affects the temperature to a 
greater or lesser extent. The spatial pattern of LSTs is usually affected by the combined 
influence with multiple factors rather than only a single factor.

4. Discussion

4.1. Potential impact of land use dynamics on LST

In our study, forests exhibit the lowest temperatures during summer, whereas the farm
lands depict the lowest temperatures in winter. The reason for this inversion has already 
been described by Qiao et al. (2013) and is explained by their different thermal inertia 
that is much lower for cropland than for forests. Thermal inertia is the tendency of a 
material to resist changes in temperature. The LSTs of cropland also show a higher vari
ability as compared to that of forests, which is due to the strongly varying seasonal phen
ology. The temperature increase rate for each land cover type is higher during the day as 
compared to that at nighttime (Figure 5). The surface temperature of forests during the 
day is significantly lower than that of farmlands (Gillies and Carlson 1995). During the 
day, the evapotranspiration of the forests is higher than that of the croplands, and thus, it 
induces a stronger cooling effect. The built-up areas are mainly composed of concrete, 

Table 4. Results of the optimal subset regression.

Variation Adj R2 S crop-per ED NPl LSIl pop-den GDP

1 67.1 0.57 �

1 66.2 0.58 �

2 79.8 0.47 � �
2 74.6 0.5 � �

3 79.7 0.45 � � �

3 79.4 0.45 � � �

4 78.9 0.46 � � � �
4 78.4 0.46 � � � �

5 78.8 0.46 � � � � �

5 78.5 0.46 � � � �

6 79.0 0.46 � � � � � �

Note: � indicates that the variable has been put into the optimal subset regression model. Adj R2 represents how 
well the model explains the LST variations. S evaluates the extent to which the model describes the response.
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asphalt, steel and other man-made materials that are usually characterized by high ther
mal mass and inertia. They are usually able to heat up strongly during the day but have 
only a moderate capacity to store heat for a longer time (see night temperatures). The 
nighttime average temperature is highest for water and lowest for forests. In general, the 
temperature of forests is lowest, whether recorded at day or at night. Waterbodies exhibit 
the lowest temperature difference between day and night, as water has by far the highest 
thermal capacity and therefore absorbs and releases heat very slowly.

4.2. Selection of factors

Many authors have investigated the influence of land cover (Fida et al. 2024) and land
scape metrics (Barman et al. 2024; Han et al. 2023) on the LST, while little attention has 
been paid to surrounding factors. In our study, five types of surrounding factors, includ
ing vegetation, water, built-up areas, landscape and socioeconomics, were used to investi
gate their impacts on the LST. Landscape metrics such as NP, PD, LSI, COHESION, and 
SHDI have been applied in ecological and environmental research (An et al. 2022). These 
metrics can describe surrounding landscapes from the perspective of quantity, shape com
plexity, and spatial aggregation, comprehensively measuring the composition and spatial 
configuration characteristics (Han et al. 2023). Moreover, built-up metrics like PD, ER, 
LPI, LSI, and AI were used to describe building morphology. The above indicators can 
characterize anthropogenic heat flux, solar shortwave radiation, and sensible and latent 
heat, which can comprehensively characterize the urban energy balance process (Han 
et al. 2023; Yang et al. 2021).

4.3. Validation and limitations

The importance of LST information derived from remotely sensed thermal infrared data 
(TIR) via the MODIS instrument mounted on the TERRA and AQUA platforms, has 
already been proven by many scientists (Wan et al. 2004). For validation purposes, the tem
perature records of several evenly distributed meteorological ground stations (Figure 1) 
have been evaluated. Although, the absolute temperatures given by local ground stations 
(mean values of day and night temperatures) and those from satellite data cannot be dir
ectly compared, both show a comparable increase for the period.

As far as the limitations of our study are concerned, there are still a few points that 
need to be mentioned. First, the spatial resolution of the used land cover data is relatively 
low. The integration of satellite data with higher resolution is promising, but difficult and 
extremely time-consuming. Secondly, the effects of environmental factors were only inves
tigated for the summer period. Further studies are planned for the future that examine 
more seasonal data in order to gain a more comprehensive understanding of their influ
ence. Finally, the impact of surface waters on LST should be further investigated, prefer
ably in regions where there is more surface water than in the Shandong Province, where 
water areas are scarce.

5. Conclusion

In our study we examined the annual, seasonal, temporal and spatial variations of 
MODIS LSTs during day and night in the Shandong Province from 2003 to 2022. Our 
results show that there has been a clearly recognizable rise in LSTs during the past 
20 years, whereby the magnitude of temperature change for forests, crops, and water is 
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lower in summer as compared to winter. In our study, we took into account 15 influenc
ing factors in five dimensions. We found that all types of land cover classes influence 
temperatures differently in certain seasons, explaining that the factors affecting tempera
ture are multi-layered. Crop-per and NPl are the most impact on the LST in summer 
which account for 79.8% during these 18 years. Therefore, these findings provide a basis 
for rational and sustainable planning for urban development in the future and may induce 
a more careful deliberation over how to balance ecological and economic issues.
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