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Dynamic Changes in Land Cover and Its Effect
on Urban Heat Islands

Linxue Tian , Jun Yang , and Cui Jin

Abstract—Several studies have demonstrated that the urban heat
island (UHI) impact is significantly influenced by changes in urban
land cover (LC). In this study, we examined the dynamic change in
LC in Shijiazhuang city and its impact on UHI intensity using mul-
tisource data, including landsat and LC data. The results showed
that 1) the 15-year span exhibited a substantial growth in built-up
area from 14.541% to 19.718%, whereas cropland and grassland
dropped by 3.342% and 3.625%, respectively. 2) The mean land
surface temperature (LST) in the study area increased signifi-
cantly. From a point-to-plane distribution, the high-temperature
zone (>32 °C) grew, and the direction of growth was consistent
with urbanization. 3) The average temperature of the barren areas
was the highest, followed by the built-up areas. 4) The normalized
difference vegetation index and LST have a strong negative asso-
ciation, showing that LST rises with vegetation loss. Our research
results provide a scientific basis for deeper understanding of the
mechanisms underlying UHI creation, as well as for developing
logical land use strategies and evaluating the effects of urbanization
on local climates.

Index Terms—Land cover (LC), normalized difference
vegetation index (NDVI), urban heat island (UHI), urbanization.

I. INTRODUCTION

URBANIZATION is a significant change in human society,
an irreversible development trend, and the only way for

human society to modernize [1]. Urbanization drives urban de-
velopment, changes in production and the way of life, and leads
to a rapid increase in greenhouse gas and pollutant emissions. It
also drives changes in land cover (LC) types and spatial patterns,
mainly by the replacement of vegetation cover and soil with
concrete and asphalt surfaces [2], [3]. The optical characteristics
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of urban surfaces have undergone significant transformations.
These impervious LC classes, often referred to as infrastructure,
have a major influence on land surface temperature (LST) [4].
In recent years, LC changes associated with urbanization have
been shown to have significant climatic impacts [5]. Urban areas
exhibit higher temperatures compared to the adjacent nonurban
areas, a phenomenon known as urban heat islands (UHI) [6],
[7]. UHI can negatively impact climate, plants, air, and water
in a city [8], [9], [10], [11], [12], [13]. For urban dwellers, this
further exacerbates the heat stress induced by heat waves, which
can have deleterious consequences on human health and even
increase mortality and morbidity [14].

A part of the UHI study monitored and recorded the tem-
perature of the city and its surrounding areas in real time by
deploying temperature observation points using meteorological
sites. Through the statistical analysis of long-term observational
data, the characteristics of the UHI, as well as the trend of
change, can be derived [15]. The other part is understood through
remote sensing data [16], [17], [18], which uses remote sensing
technologies, such as satellites and airplanes, to acquire tem-
perature information of cities and their environs. Through a
comparative analysis of the temperature distribution of different
regions, the formation and evolution of the UHI can be revealed
[19]. It involves the related content of hyperspectral image pro-
cessing, hyperspectral images contain rich information [20], and
has broad application prospects in environmental monitoring,
urban survey, mineral exploration, military investigation, and
many other aspects. Traditional target detection methods require
prior information about the target, which is often difficult for
researchers to obtain in practice. Therefore, how to achieve
target detection without prior information is the focus of current
research. This kind of object detection algorithm without prior
knowledge is called anomaly detection. A new study treats
anomaly detection as a frequency-domain analysis problem,
which is represented by phase reconstruction [21]. Compared
with the existing anomaly detection methods, this method has
remarkable detection performance and time efficiency. Some
scholars also use a new perspective of information theory to
transform system entropy into a quantitative measure of pixel
anomaly significance [22].

Remote sensing technology has facilitated the acquisition
of LST data, which is more readily accessible compared with
temperature data obtained from meteorological stations and has
the advantages of large coverage, good time synchronization,
and spatial continuity. Many sensors are currently employed for
LST inversion, such as the AVHRR data from NOAA satellites
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[23], [24], [25], [26] and MODIS from Terra/Aqua satellites
data [27], [28], [29], [30], [31], which are more suitable for
large-scale studies owing to their insufficient resolution [32].
Landsat series data with medium resolution can provide wider
coverage and richer information on surface features, which can
characterize the urban surface thermal environment and are
more suitable for the inversion of LST in mesoscale areas [33].
The Landsat series is extensively utilized due to the convenient
availability of data. As an illustration, Yu et al. [34] compared
three LST inversions using Landsat8 data.

Various factors contribute to the fluctuations in LST, including
solar radiation, climate and weather, soil and vegetation, and
ocean effects. Soil and vegetation play important roles in regulat-
ing the LST. Therefore, the LC mode has an important influence
on changes in LST [35]. Previous studies have used various
methods, including the examination of the diurnal temperature
range [36], land-use change trajectories [37], temperature veg-
etation index space [38], and UHI ratio index [39] to study
the relationship between LC transition and surface temperature.
Many studies have focused on a single time [40], different
seasons [41], [42], [43] or different years [44]. In addition, the
effects of LC on LST in different climatic zones were analyzed.
For instance, Xin et al. [45] came at the conclusion that LST
varied significantly for each land type in different climate zones.
Geng et al. [46] conducted a comparative analysis of urban parks
situated in distinct climate zones and found that the cooling
effects were different. These studies have successfully demon-
strated the contribution of urban expansion to UHIs. However,
it is difficult to use these methods to gain insight into how
divergent spatial patterns of urban development affect UHIs.
Understanding which types of urban sprawl enhance or reduce
the impact on UHIs helps develop effective strategies for heat
island control.

For reference in urban planning, this study quantified the LST
changes brought on by various LC changes by analyzing the spa-
tiotemporal characteristics of LC and LST in Shijiazhuang city
from 2004 to 2019 using multisource data, including Landsat and
LC data. It also looked at the correlation between LC changes
and LST distribution.

II. MATERIALS

A. Study Area

One of the most significant cities in Beijing–Tianjin–Hebei
is Shijiazhuang, which is located in the central region of China.
The geographical coordinates of the area lie within the range
of 37°27′–38°47′ N and 113°30′–115°20′ E in the central and
southern parts of North China and Hebei Province. Spanning
the Taihang mountains and North China plain, eight districts
and fourteen counties have jurisdiction over this city; the terrain
is low in the southeast and high in the northwest, the gap is large,
and the landform is intricate. The city is situated in proximity
to the Bohai Sea and experiences a temperate monsoon environ-
ment. Solar radiation is marked by seasonal fluctuations, with
high and low atmospheric pressure on the ground frequently
occurring; the four seasons clearly distinguished, with summer
being characterized by high temperatures and abundant rainfall,

Fig. 1. Location of the study area (Shijiazhuang, China).

TABLE I
LC TYPES AND THEIR DESCRIPTIONS

TABLE II
DATA SOURCES AND DESCRIPTIONS

winter is characterized by cold temperatures and limited pre-
cipitation. Since the 1990s, the region has experienced rapid
urbanization, extensive development of land for cities, and an
influx of people into urban centers (Fig. 1).

B. Data

For the purposes of this study, the dataset utilized was obtained
from “the 30 m annual LC datasets and its dynamics in China
from 1985 to 2022,” which has the biggest advantage of 30 m
annual LC classification results for more than 30 years [44]. It
has a higher time resolution than other products, and the dataset
can be downloaded for free at https://doi.org/10.5281/zenodo.
8176941. We reclassified the LC into six categories based on
the geographic and climatic characteristics of Shijiazhuang city,
i.e., 1) cropland, 2) forest, 3) grassland, 4) water, 5) barren, and
6) built-up area (see Table I).

This study used Landsat5 thematic maps (TM) (2004 and
2010) and Landsat8 operational land images (OLI) (2015 and
2019). This information was provided by the United States Geo-
logical Survey. All photos were captured throughout the summer
to better expose the peculiarities of the UHI distribution (see
Table II, with <5% cloudiness in the study area, and processed

https://doi.org/10.5281/zenodo.8176941
https://doi.org/10.5281/zenodo.8176941
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Fig. 2. Research framework and data processing.

using ENVI for radiometric calibration, atmospheric correction,
and image cropping.

III. METHODS

In this study, we integrated multisource data with landsat
imagery for LC classification, LST inversion, normalized differ-
ence vegetation index (NDVI) attribute mapping, and correlation
analysis among LC, LST, and NDVI. The overall framework and
main data processing methods are shown in Fig. 2.

A. Inversion of LST

In this study, we used RTE, a conventional technique rooted in
atmospheric radiative transfer modeling. Although the steps for
inverting the surface temperature using this method are complex,
it is more accurate compared with other methods and can be
applied to any thermal infrared band, where the expression for
the brightness value of thermal infrared radiation Lλ that the
satellite sensor picked up can be expressed as

Lλ = [εB (Ts) + (1− ε) L ↓] τ + L ↑ (1)

where ε is the surface specific emissivity, Ts is the true sur-
face temperature K, B(Ts) is the blackbody radiant luminance,
and τ is the atmospheric transmittance in the thermal infrared
band, obtained from https://atmcorr.gsfc.nasa.gov/. The radiant
brightnessB(Ts) of a blackbody at temperatureT in the thermal
infrared band is defined as follows:

B (TS) = [Lλ − L ↑ −τ (1− ε) L ↓] /τε (2)

where the true surface temperature Ts can be obtained as a
function of Planck’s formula, as follows:

Ts = K2/ ln (K1/B (Ts) + 1) . (3)

For the different sensors, the values of K1and K2were differ-
ent because the data sources selected for this experiment were
Landsat5 and Landtsat8 remote sensing images of Shijiazhuang,
and their corresponding sensors were TM and OLI/TIRS, respec-
tively. Thus, for TM data, K1 =6 07.76 W/m2 · μm · sr and K2

= 1260.56 K; for OLI/TIRS data, K1 = 774.89 W/m2 · μm · sr
and K2=1321.08 K.

B. LC Dynamic Index

To accurately quantify the rate of change of LC types, such as
built-up areas, in different time periods, this study selected a sin-
gle LC dynamic attitude,K. This indicator is used to characterize

Fig. 3. Results of LC classification.

the quantitative changes of a certain LC type in a certain time
frame and is a more ideal research tool to analyze the overall
average rate of change of a single LC type; its mathematical
expression is

K =
Ubi −Uai

Uai
× 1

T
× 100% (4)

where K denotes the rate of change in the LC type per unit time,
Uai denotes the area of LC type i at the beginning of the study,
Ubi denotes the area of LC type i at the end of the study, and T
denotes the length of the cycle to be set for the study (in years).

C. Retrieval of NDVI

The efficacy of NDVI in utilizing satellite technology for the
evaluation and surveillance of worldwide vegetation coverage
has been firmly proven during the past twenty years, making it
the most widely used index [45], [46]. NDVI is often used as
a metric to assess land characteristics, specifically to establish
the correlation between soil greenness and LST. [47]. The value
was expressed as follows:

NDVI =
NIR − R

NIR +R
(5)

where NIR is the reflection value of the near-infrared band and
R is the reflection value of the red band.

When the NDVI value is close to−1, the visible light is highly
reflective. A value of 0 means that NIR and R are approximately
equal, and there is rock or bare soil; a positive value means that
there is vegetation cover, such as forests and farmland.

https://atmcorr.gsfc.nasa.gov/


TIAN et al.: DYNAMIC CHANGES IN LAND COVER AND ITS EFFECT ON UHI 2389

Fig. 4. Changes in the proportion of different LC types from 2004 to 2019.

IV. RESULTS AND ANALYSIS

A. LC Classification and Change Analysis

Figs. 3 and 4 and Table VII of the Appenix show that, a marked
increase in built-up area (5.177%), a significant decreasve in the
proportion of cropland (−3.342%) and grassland (−3.625%),
an increase in the proportion of forest (1.605%), and the pro-
portions of water (0.195%) and barren (−0.010%) remained
nearly constant. According to the data shown in Table VIII, of the
Appenix the amount of land covered by built-up areas expanded
by 260.995 km2 between the years of 2004 and 2010, with
the majority of this expansion occurring in Xinhua, Chang’an,
Yuhua, Qiaoxi, and Luquan districts, with the main contributors
in this period being cropland (96.2%) and grassland (3.5%).
Between 2010 and 2015, there was a notable rise in the extent
of built-up areas, amounting to 347.961 km2, with changes
primarily concentrated in Xinhua, Chang’an, Yuhua, Qiaoxi,
Luquan, Gaocheng, and Luancheng districts. The main contrib-
utors during this period were croplands (97.5%) and grasslands
(2.9%). Between 2015 and 2019, the amount of built-up area
grew by 119.450 km2, and we can see that several districts where
the main changes occurred before changed insignificantly and
that all administrative districts witnessed a slight augmentation
in built-up area during this period. The main contributors in this
period continue to be cropland (98.4%) and grasslands (4.8%).
Overall, from 2004 to 2019, the built-up area amounting to a total
increase of 728.406 km2, of which cropland contributed 97.2%.
Grasslands and forests contributed 3.5% and 1.1%, respectively,
whereas other LC types were negligible. Urbanization in the
primary urban region of Shijiazhuang occurs at the expense
of cropland, with the fastest growth in the Yuhua and Qiaoxi
districts, which also indicates that although urbanization in
Shijiazhuang occurs in all directions, though it is still primarily
from northwest to southeast.

Table III reveals that from 2004 to 2019, the LC types in
the region showed the change characteristics of several types
increasing and others decreasing; the main increasing types were
forest, water, and built-up areas, with growth rates of 0.63%,
1.97%, and 2.37%, respectively. In terms of the speed about

TABLE III
DYNAMIC CHANGE OF SINGLE LC IN THE STUDY AREA FROM 2004 TO 2019

change, the built-up area had the largest growth rate, and during
2010–2015, there was a notable increase in the built-up area,
with a K value as high as 3.02%, followed by water, with a
growth rate of 1.97%; and the direction of change of the K value
remained consistent from 2004–2019, with a K value of 4.26%
during 2015–2019. Forest had the smallest increase with a K
value of 0.63%, except for 2015–2019, when the increase in
forest was negative. The rate of increase was 1.62% and 0.02%
from the beginning of 2004 to 2015, and the K value showed a
decreasing trend during 2010–2015 compared with the previous
period.

The K values of cropland, grassland, and barren land have the
same direction of change and are all negative,−0.40%,−1.96%,
and−3.45%, respectively, which fully indicates that the land for
these three types of utilization has been shrinking in the past 15
years. Among them, barren land had the largest decrease, with
a K value of −3.45%, and the rate of change was negative at
every stage from 2010, with a K value of −8.96% and −4.31%,
respectively. The negative growth of grassland is only second
to that of barren land, with a K value of −1.96%, and the area
of grassland is in a state of shrinking, which is an important
signal for Shijiazhuang city, and the utilization and protection
of grassland resources require attention. Cropland showed the
smallest reduction with a K value of −0.40%, with K values of
−0.43%, −0.67%, and −0.05% for each stage.

B. Relationship Between LST and Changes in LC
Classification

Fig. 5 shows the variation in how the LST was spread out
in space in Shijiazhuang changed over the study time. The
classification system comprises nine distinct categories, each
delineated by specific temperature ranges. The low-temperature
zone is defined as temperatures below 26 °C, while the high-
temperature zone encompasses temperatures over 32 °C. No
significant UHI phenomenon was observed in 2004. By 2010,
the high-temperature areas on the map began to spread, mainly
representing industrial areas, densely populated areas, open
grounds, and commercial areas. It was cooler in areas with
numerous plants. As the area increased, the temperature at the
center gradually decreased. In 2015, many high-temperature
areas were distributed on the map. In addition, previously dis-
persed hotspots exhibited a steady expansion and connection,
resulting in a transition from a point to a plane distribution.
In 2019, the hot regions expanded further, a high-temperature
planar distribution was fully formed, and more hot regions were
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Fig. 5. LST distribution in Shijiazhuang.

Fig. 6. LST distribution in different years.

created owing to the change in LC from cropland and grassland
to built-up areas.

The LST of Shijiazhuang has increased significantly. In 2004,
the temperature distribution was between 28 °C and 30 °C,
the highest was 47.01 °C and the lowest was 15.88 °C. In
2019, the temperature distribution was between 34 °C and 36
°C, the amplitude of the change increased significantly; the
highest was 63.82 °C and the lowest was 9.22 °C. In 2004, the
LST was predominantly <30 °C, and 28 °C–30 °C accounted
for 46.94% of the total; by 2010, the LST was concentrated
between 30 °C–32 °C, accounting for 38.31%; by 2015, the
LST range of the concentration distribution did not change, but
the percentage of area >32 °C was as high as 66.27%; by 2019,
the LST concentration distribution was 36 °C–38 °C (27.18%),
the percentage of >32 °C reached 83.23%, and the percentage
of low LST decreased to 2.48% (<26 °C) and 3.83% (26–30
°C). The histogram (see Fig. 6) illustrates the variations in the

Fig. 7. Mean temperature of different LC in different years.

temperature profile. During the 2004–2019 study period, the
LST distribution was homogeneous, with a gradual shift in the
distribution intervals toward the high-temperature zone.

The minimum, maximum, and mean LSTs as well as the
standard deviation (STDEV) values for each LC were computed
to explore their influence on the LST (see Appendix Table IX).
The total STDEV was the smallest for cropland and water, that is,
because of their relatively simple nature and small temperature
variations. However, the built-up areas have a larger STDEV
because of the urban structure, layout, and differences in build-
ing materials. Forests and grasslands also have high STDEV
because they include shrubs and trees, and therefore, a wide
range of temperatures. The STDEV for barren land was also high
because of the complex nature of unutilized land and, therefore,
the wide range of temperatures.

Fig. 7 illustrates the observed increase in average temper-
ature within the built-up area, which ranks second in terms
of temperature rise, following the barren area. The overall
change in croplands showed a steady upward trend, and the
trends in grasslands and forests were similar in magnitude,
likely because of differences in plant growth. Overall, the LST
increased annually for all types, which can be elucidated by the
enhanced UHI effect. Water and forests are the most effective
ways to lessen the effects of a heat island. Therefore, water
resources and forests should be protected. The LST of barren
had a higher value compared with other types of LC; therefore,
the management of barren land should be strengthened to avoid
increasing temperatures due to the increase in barren land as a
result of degradation of cropland and forests.

In order to further study the relationship between LST and LC
change, we setup 2, 5, and 10 km buffer zones in the four main
urban areas of the study area (see Fig. 8), which contain different
types of LC. From 2004 to 2019, the proportion of built-up area
in the 2 km buffer zone increased from 37.47% to 54.91%, the
5 km buffer zone from 31.52% to 48.22%, and the 10 km buffer
zone from 22.22% to 32.07%. During the period of 15 years,
with the increase of buffer area and the change of LC type, the
change of LST was also large, with an overall increase of 6 °C
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Fig. 8. Buffer zone in main urban area.

TABLE IV
LST IN DIFFERENT BUFFER ZONES

TABLE V
AVERAGE NDVI FOR DIFFERENT LC TYPES

(see Table IV). It can be found that the rapid expansion of the
city in these years led to the temperature increase of the city and
its surrounding areas is very significant.

C. Relationship Between LST and NDVI

As given in Table V, the NDVI was highest in forests and
lowest in water. Built-up areas are larger than barren areas
because barren areas are not covered with any material and
built-up areas have artificial plantations. Fig. 9 shows the NDVI
distribution in the region from −1 to 1. From 2004–2019, the
green areas continued to decline, and the red areas continued to
increase; with the continuous expansion of the city, it extended
from the city’s core to its outside regions.

To study their relationship, data pertaining to both variables
were from different LC, and Pearson correlation coefficients
were calculated (see Table VI). The maximum correlation coef-
ficient was 0.980 (water in 2015), which was also the only one
showing a positive correlation. The reason for this phenomenon
is that water present negative NDVI values and lower LST;

Fig. 9. NDVI map in each year. (Jenks natural breaks classification).

TABLE VI
NDVI AND LST AT DIFFERENT LC BY THE PEARSON COEFFICIENT

therefore, they are less affected by vegetation. Cropland (−0.806
in 2010), forest (−0.590 in 2015), and grassland (−0.672 in
2004) had stronger negative correlation coefficients, whereas
built-up area (−0.021 in 2004) had weaker negative correlation
coefficients.

These results suggest a strong correlation between the NDVI
and LST. There exists an inverse relationship between them,
whereby an increase in NDVI corresponds to a decrease in LST.
Several things are to blame for this, such as evaporation and
transpiration, which can remove heat and thus reduce surface
temperatures. [48].

V. DISCUSSION

A. Shijiazhuang Urban Heat Island

This study combined satellite image data and LC data to
determine that the changes in LST distribution in Shijiazhuang
city are due to the influence of the different nature of LC. The
overall relationship between the direction of LST increase and
that of urbanization is consistent with the findings of most studies
[49], [50], [51], [52], and the evolution of the spatial distribution
of the UHI effect is closely linked to urban expansion. However,
a few studies have found that urbanization produces a cold
island effect, and this discrepancy is primarily caused by the arid
conditions affecting the study areas [53], [54], [55]. In addition,
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TABLE VII
DISTRIBUTION CHANGES OF EACH LC TYPE DURING THE STUDY PERIOD

TABLE VIII
TRANSFER MATRIX OF LC IN SHIJIAZHUANG (2004–2019)
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NDVI showed a negative correlation with UHI, which agrees
with other studies [56], [57]. This shows that if one wants to
mitigate the UHI effect, one can increase the area of green spaces
appropriately.

Through the development history of Shijiazhuang city from
2004 to 2019, the urbanization rate of Shijiazhuang has increased
significantly, and the accompanying emergence of high tempera-
tures has become increasingly serious. In this case, city managers
should be more cautious in formulating policies and focus on the
protection and adaptation of natural resources.

B. Limitations

This study examines the between LC change and LST distri-
bution was studied through assessing the spatiotemporal charac-
teristics of LC and LST. Distribution trend of vegetation cover
and its correlation with LST were analyzed using NDVI. How-
ever, the association between LC and LST is multifaceted; other
influencing factors were not analyzed in this study. The influence
of precipitation, climate zones, and other factors should be
further analyzed in the future. We can also organically combine
the change in LC and the forecast of the heat island index to
offer a useful reference for forthcoming urban planning.

VI. CONCLUSION

This study investigated the correlation between LC changes
and UHI using qualitative and quantitative analyses. Consider-
ing Shijiazhuang city as the study object, the following conclu-
sions were reached.

1) From 2004–2019, the area of built-up area increased
noticeably (5.177%), accompanied by a large decline in
cropland and grassland (−3.342% and −3.625%). The
direction of urbanization was mainly north–south.

2) The distribution of LST in 2004 was concentrated in
cryogenic regions. During the duration of the study period,

the distribution of LST became more homogeneous, with
its range moving toward warmer regions. The hot zone
expands from the point distribution to the plane. The
direction is the same as that of urbanization.

3) Barren areas had the highest average temperature, with
built-up area following suit. Due to its extensive coverage,
the built-up area emerges as the primary catalyst for the
UHI phenomenon. Changes in the mean temperature re-
sulting from water and forest LC had a significant cooling
effect, whereas built-up areas and barren lands had the
opposite effect. We must focus on the loss of forest and
cropland due to the increase in barren land, as the effects
of these changes on the climate are clear.

4) From 2004 to 2019, owing to urbanization, areas with high
levels of NDVI decreased, whereas those with low levels
of NDVI increased, and vegetated areas were replaced by
heavily built-up areas, leading to a more serious UHI ef-
fect. The relationship between LST and NDVI was highly
inverse. Urban growth is unavoidable, but the influence of
the building area on UHI can be lessened by putting green
plants in the right places.

UHI have several negative impacts on cities, encompassing
elevated death rates, intensified heat conditions, and augmented
levels of urban pollution. Many specific factors affect the tem-
perature, such as pollution emissions and variations in heat
absorption and transfer, as a consequence of changes in LC.
However, the specific underlying mechanisms require additional
research. Based on how the LC has changed in Shijiazhuang city
during a 15-year period, the study shows how the appearance of
UHI has changed and provides recommendations that can be
used for urban planning.

APPENDIX

See Tables VII–IX.

TABLE IX
LST DIFFERENCES AMONG DIFFERENT LC FROM 2004 TO 2019
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