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Abstract This study analyzed land use and land cover
changes and their impact on land surface temperature using
Landsat 5 Thematic Mapper and Landsat 8 Operational
Land Imager and Thermal Infrared Sensor imagery of the
Yellow River Delta. Six Landsat images comprising two
time series were used to calculate the land surface
temperature and correlated vegetation indices. The Yellow
River Delta area has expanded substantially because of the
deposited sediment carried from upstream reaches of the
river. Between 1986 and 2015, approximately 35% of the
land use area of the Yellow River Delta has been
transformed into salterns and aquaculture ponds. Overall,
land use conversion has occurred primarily from poorly
utilized land into highly utilized land. To analyze the
variation of land surface temperature, a mono-window
algorithm was applied to retrieve the regional land surface
temperature. The results showed bilinear correlation
between land surface temperature and the vegetation
indices (i.e., Normalized Difference Vegetation Index,
Adjusted-Normalized Vegetation Index, Soil-Adjusted
Vegetation Index, and Modified Soil-Adjusted Vegetation
Index). Generally, values of the vegetation indices greater
than the inflection point mean the land surface temperature
and the vegetation indices are correlated negatively, and
vice versa. Land surface temperature in coastal areas is
affected considerably by local seawater temperature and
weather conditions.

Keywords land surface temperature, mono-window algo-
rithm, Yellow River Delta, land use change, vegetation
index

1 Introduction

Land surface temperature (LST) is one of the key
parameters that control the physical, chemical, and
biological processes on Earth (Pu et al., 2006). Many
studies of Earth’s environment and resources have
depended on LST as fundamental data. Remote sensing
is a practical approach for the retrieval of LSTs across large
spatial and temporal scales. The LSTs acquired by satellite-
borne sensors have been used in numerous heat-balance,
climate-modeling, and global-change-monitoring studies
(Bhattacharya et al., 2010; Fall et al., 2010). Planck’s law
is used for calculating brightness temperature from the
atmospheric radiances obtained from thermal infrared
sensors (Dash et al., 2002). The brightness temperature is
converted into LST using ground surface emissivity with
consideration of vegetation density, the roughness and
thermal properties of the ground surface, and water content
of the soil (Friedl, 2002). Different methods and algorithms
have been developed to retrieve LSTs from data acquired
by the Landsat Thematic Mapper and Enhanced Thematic
Mapper Plus sensors that operate with only one thermal
band (Qin et al., 2001a; Sobrino et al., 2004; Weng et al.,
2004). Using only the near-surface air temperature and
water vapor content instead of atmospheric profiles, Qin’s
mono-window algorithm can improve LST retrievals from
Landsat imagery with only one thermal band (Li et al.,
2013; Windahl and Beurs, 2016). Considering the two
thermal bands of the Landsat 8 Thermal Infrared Sensor,
Rozenstein et al. (2014) discussed the feasibility and the
related parameters of the split-window algorithm in LST
retrieval. Jimenez-Munoz et al. (2014) contrasted the
single-channel algorithm and the split-window algorithm
in LST inversion, and they found the accuracy of the split-
window algorithm slightly better than the mono-window
algorithm in association with higher water vapor contents.
Land use and land cover changes (LUCC) have been

reported being among the main drivers of environmental
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change and they can be affected by climate change and
climate variability (Pielke Sr. et al., 1998; Brunsell, 2006).
Research on the relationship between LST and land use
type has shown the main drivers inducing complicated land
use conversions are population increase and economic
development. Furthermore, LST change has been found to
be correlated spatially with LUCC (Wang et al., 2016).
Studies have shown strong correlation between surface/air
temperature and different land use types (Yokohari et al.,
2001; Chen et al., 2006; Cheng et al., 2008). The LST and
energy balance can be affected by vegetation, which
influences the land–air exchange of energy and water
(Kumar and Shekhar, 2015). Based on different spatial
sampling methods, Sahana et al. (2016) and Rhee et al.
(2014) analyzed the relationship between LSTand land use
changes. To investigate the driving mechanisms of energy
exchange and LST, increasing emphasis has been placed
on research into the vegetation–LST relationship (Petro-
poulos et al., 2014). As important indicators of land use
and vegetation, vegetation indices (VIs), including the
Normalized Difference Vegetation Index (NDVI), Ratio
Vegetation Index (RVI), and Soil-Adjusted Vegetation
Index (SAVI), have been used widely to investigate the
vegetation–LST relationship (Yue et al., 2007; Wei and
Zhou, 2011). Lv and Zhou (2011) examined the correlation
between LST and VIs based on four transects across a
study area. Their results indicated an evident heat island
effect caused by urban areas, while a cool island effect was
related mainly to the abundance of water and vegetation.
Most studies of the relationships between LST and VIs
have been conducted using certain profiles (Yue et al.,
2007; Buyadi et al., 2013; Kumar and Shekhar, 2015; Pal
and Ziaul, 2017). Although the selection of a certain profile
can simplify the analytical process, inappropriate profile
selection could lead to biased or random results.
Given the background of land use change, the objective

of this study was to investigate the relationship between
satellite-retrieved LSTs and VIs based on average values
obtained via spatial overlay analysis on the regional scale
instead of using certain profiles.

2 Materials and methods

2.1 Study area

The Yellow River Delta (YRD) has received increasing
attention from scientists, engineers, and environmental
planners because of its critical role in wildlife protection,
energy production, and agriculture (Zhang et al., 2016). On
the western coast of the Bohai Sea, the study area (37°01′
N–38°11′N, 118°04′E–118°21′E) in Shandong Province
has the largest and youngest coastal wetland ecosystem in
China, which encompassed an area of about 11,473 km2 in
2015 (Fig. 1). The elevation of the study area ranges from
0–45 m a.s.l. The regional climate is controlled by the East

Asian monsoon system; summer is warm and wet, while
winter is cold and dry. The average annual temperature is
12.1°C, with monthly means ranging from a minimum of
-1.3°C in December to a maximum of 27.7°C in August
(Jin et al., 2016).
The YRD is highly dynamic, and it is experiencing rapid

urban and industrial development (Ottinger et al., 2013).
Like many of the large deltas around the world (Blum and
Roberts, 2009; Syvitski et al., 2009), the YRD is facing
increasing risk of degradation due to both anthropogenic
and natural forces (Cui et al., 2009; Bi et al., 2014; Gao et
al., 2014; Kong et al., 2015). Recently, with the expansion
of reclamation activities, natural systems in areas of the
YRD, especially wetland ecosystems, have been suffering
severe disturbance (Jin et al., 2016). Population growth, oil
and gas extraction, and agricultural development have all
placed enormous demands on the land and water resources
of the YRD, and they have modified the natural geological,
hydrological, and ecological systems of the area (Wang et
al., 2006). With continued acceleration of economic
development and urbanization, the demand for land to
service port construction, construction of tidal embank-
ments, aquaculture, land reclamation, and road construc-
tion has increased steadily.

2.2 Data preparation

Two time series of Landsat images in the dry season were
downloaded from the USGS website (http://earthexplorer.
usgs.gov/) as the main data for the comparative study of
LST and VIs in the YRD. The acquisition date and the
details of the sensor and thermal band used for the
retrievals are listed in Table 1. Time series A was selected
just before the wet season with similar daily order, and
time series B was after the wet season. After atmospheric
and radiometric corrections, the remote sensing data were
used for both calculating VIs and retrieving LSTs. Two
images with maximum time span in series A were used to
analyze the overall trend of regional land use change and
LST change over nearly 30 years. Then, six images from
both time series were used to analyze the relationship
between LST and the VIs. Necessary meteorological data
including temperature, wind speed, relative humidity,
and precipitation were obtained from the China Meteor-
ological Data Network (http://data.cma.cn/). Using the
inverse distance weighting interpolation method, relevant
meteorological raster data of the study area were acquired
from internal and surrounding observations. All data were
georeferenced to a common UTM coordinate system
(WGS_1984_UTM_Zone_50N) and re-sampled using the
nearest-neighbor algorithm with a pixel size of 30 m�
30 m.
The LULC (Land Use and Land Cover) data were

extracted using automatic computer classification, aided by
manual interpretation according to the classification
system. In this study, both supervised classification and
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maximum likelihood methods were applied to extract land
use information with consideration of the spectral
characteristics of ground objects and the situation of the
YRD area in particular. Finally, a decision tree classifica-
tion model was established to acquire the land use map for
the research area. The overall accuracy was up to 95%, as
verified by matching with field visits and literature values.

2.3 Retrieval of LST

Atmospheric and radiometric corrections are necessary
before LST retrieval. Radiometric correction is applied to

convert the digital number (DN) into top of atmosphere
spectral radiance according to related parameters. The
following equation developed by the National Aeronautics
and Space Administration is generally used to compute the
spectral radiance from DN values of Thematic MapperTM;
data (Qin et al., 2001a):

LðlÞ ¼ LminðlÞ þ
�
LmaxðlÞ – LminðlÞ

�
Qdn=Qmax, (1)

where L(l) is the spectral radiance received by the sensor
(mW$cm–2$sr–1$mm–1), Qmax is the maximum DN value
withQmax = 255,Qdn is the grayscale level for the analyzed

Fig. 1 Location of study area (standard pseudocolor Landsat image, June 5, 2015).

Table 1 List of Landsat images used for the two time series

Time series Date acquired Satellite Sensors Thermal band used

A
(before wet season)

6/5/1986 Landsat 5 TM Band 6

5/31/1996 Landsat 5 TM Band 6

6/5/2015 Landsat 8 OLI/TIRS Band 10

B
(after wet season)

10/5/1984 Landsat 5 TM Band 6

10/2/2006 Landsat 5 TM Band 6

10/5/2013 Landsat 8 OLI/TIRS Band 10
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pixel of the TM image, and Lmin(l) and Lmax(l) are the
minimum and maximum detected spectral radiances for
Qdn = 0 and Qdn = 255, respectively. For a detailed
explanation of the process for calculating radiance in
relation to Landsat 8 Operational Land Imager and
Thermal Infrared Sensor (OLI/TIRS) data, please refer to
related websites (e.g., https://landsat.usgs.gov/using-usgs-
landsat-8-product).
In order to obtain accurate reflectance data, atmospheric

correction of the Landsat data was performed by combin-
ing a lookup table and a dark-object method (Liang et al.,
2002).
Because of the larger calibration uncertainty associated

with Band 11 (USGS, 2014), the use of a split-window
algorithm that relies on Band 11 data is not recommended
for LST retrieval. For methods using single bands, the LST
estimated from Band 10 (with weaker absorption) has
higher accuracy than Band 11 (Jimenez-Munoz et al.,
2014; Yu et al., 2014). To obtain comparable results from
different sensors, a mono-window algorithm (Qin et al.,
2001a) was employed to retrieve the LST throughout
different years. Band 6 of the TM and Band 10 of the TIRS
were used as thermal bands for LST retrieval.
The mono-window algorithm for LST retrieval from the

thermal band data of Landsat assumes the brightness
temperature of the thermal band at the satellite level can be
computed from the data. According to the radiance transfer
equation, Taylor’s expansion to the Planck function has to
be applied. Qin et al. (2001b) derived an approximate
expression for LST retrieval, suitable for thermal band
data, by simplifying the relationship between radiance and
brightness temperature with a linear regression, which can
be expressed as Eq. (2):

Ts ¼ fa6ð1 –C6 –D6Þ þ ½b6ð1 –C6 –D6Þ

þC6 þ D6�T6 –D6Tag=C6, (2)

where Ts is the LST (K), T6 is the brightness temperature
(K) (Band 6 for Landsat 5, Bands 10 or 11 for Landsat 8),
a6 and b6 are the regression coefficients between T6 and C6,
and Ta is the average effective mean atmospheric
temperature (K). In practice, the possible temperature
range of LST is 0–70°C, a6 = -67.35535 and b6 =
0.458608. Coefficients C6 and D6 coefficients defined as
below in Eqs. (3) and (4), respectively:

C6 ¼ ε6τ6, (3)

D6 ¼ ð1 – τ6Þ½1þ ð1 – ε6Þτ6�, (4)

where τ6 is the atmospheric transmittance (dimensionless),
and ε6 is the ground emissivity (dimensionless), both at
Band 6. It is possible to calculate τ6 approximately from
relative humidity and temperature data (Qin et al., 2001a),
and ε6 can be derived from the relevant vegetation index
(Qin et al., 2004).

2.4 Calculation of NDVI, ANDVI, SAVI, and MSAVI

The NDVI is defined as:

NDVI ¼ �nir – �red
�nir þ �red

, (5)

where �nir is the reflectance for the near infrared band
(Landsat 5 Band 4, Landsat 8 Band 5), and �red is the
reflectance for the red band (Landsat 5 Band 3, Landsat 8
Band 4).
Based on the NDVI, the reflectances of the blue and

green bands were combined to produce the Adjusted-
Normalized Difference Vegetation Index (ANDVI). The
ANDVI should describe vegetation better than the NDVI
under certain conditions (Liu et al., 2008):

ANDVI ¼ �nir – �red þ ð1þ LÞð�green – �blueÞ
�nir þ �red þ ð1þ LÞð�green þ �blueÞ

, (6)

where �nir, �red, �green, and �blue are the reflectances for the
corresponding bands, and L is the adjusted factor, which is
set to reduce soil noise (L = 0.5).
The SAVI and Modified SAVI (MSAVI) are two other

VIs used to minimize soil brightness influence (Huete,
1988; Qi et al., 1994):

SAVI ¼ �nir – �red
�nir þ �red þ L

1þ Lð Þ, (7)

MSAVI¼ 1

2
� ð2�nirþ1Þ –

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð2�nirþ1Þ2 – 8ð�nir – �redÞ

q� �
,

(8)

where �nir and �red are the reflectances of the near infrared
and red bands, respectively, and L is the adjusted factor (L
= 0.5).

3 Results and analysis

3.1 Land use changes in the past 30 years

The Landsat 8 image obtained on June 5, 2015 was
corrected geometrically based on the Landsat 5 remote
sensing image of the same day in 1986. Land use maps
were extracted for two stages in accordance with
classification criteria using the corrected remote sensing
image.
Figure 2 and Table 2 show that the land area in the

research area increased by 205.81 km2 during the 30-year
period 1986–2015 because of sea–land interaction and
sediment deposition. Land use was classified into 10 types,
as shown in Table 2. The gross area in 1986 was 11,267.69
km2, and farmland accounted for the largest proportion
(55.18%), followed by grassland and beaches. Saline-
alkali fields also covered a large area, which accounted for
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6.85% of the total. Aquaculture ponds covered a small
area, accounting for only 0.65% of the total. Compared
with 1986, evident changes in the land use types had
occurred by 2015. The greatest increases in area were
found for salterns and aquaculture ponds, i.e., 1303.07 and
582.66 km2, respectively. Their total areal proportion also
increased sharply from 2.51% to 18.90% during the 30-
year period. To varying degrees, farmland, built-up, and
water areas all increased. However, the area of wetlands
decreased by 205.34 km2, accounting for around two-
thirds of the original wetland area.
More than one third of the area of regional land use types

was changed from 1986 to 2015. Despite an increase in the
gross area of farmland, nearly 600 km2 was transformed

into other types (mainly built-up areas, salterns, and
aquaculture ponds) (Fig. 2 and Table 3). The increase in
farmland area was caused mainly by the development and
utilization of grassland, wetland, and saline-alkali land.
Grassland was converted mainly into salterns and aqua-
culture ponds. Although the wetland area is small, the land
use changed severely. Nearly 89% of wetland area has
been converted into other land use types during the past 30
years, mainly being developed for farmland, salterns, and
aquaculture ponds. The diversity of wetland conversion
modes also proves the fragility of wetland ecosystems.
Saline-alkali fields are distributed mainly on the coast and
they have been converted primarily into salterns, aqua-
culture ponds, and farmland. In particular, 409.93 km2 was

Fig. 2 Distribution maps of land use on June 5, 1986 and 2015.

Table 2 Area and percentage of various land use and land cover types

Land cover type
1986 2015

Area/km2 Percentage/% Area/km2 Percentage/%

Farmland 6217.90 55.18 6634.64 56.08

Woodland 65.91 0.58 97.43 0.85

Grassland 1772.91 15.73 194.34 1.69

Water 194.26 1.72 475.89 4.15

Built-up 722.79 6.41 1117.77 10.27

Saline-alkali field 771.79 6.85 76.79 0.67

Beaches 906.25 8.04 720.34 6.28

Salterns 209.41 1.86 1512.48 13.18

Aquaculture ponds 73.20 0.65 655.86 5.72

Wetland 333.28 2.96 127.94 1.12

Total 11,267.691 100 11473.5 100
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converted into salterns, accounting for 55% of the total
conversion area. The water body area nearly doubled in the
30-year period, which was converted mainly from farm-
land, grassland, and wetland.

3.2 LST changes in the past 30 years

The surface temperature profile of the research area was
retrieved based on the mono-window algorithm of Qin et
al. (2001a). Figure 3 shows the spatial distribution of LST
on June 5, 1986 and 2015.

The regional mean LST was 36.89°C on June 5, 1986,
and 35.41°C on June 5, 2015; the overall decline was
1.48°C. Without considering the impact of other factors
such as climate change, the decrease of LST is consistent
with the land use changes of expanded water area and
increased vegetation coverage. The development of the
coastal zone area has promoted more land for use as
salterns, aquaculture ponds, and farmland. The increased
proportions of aquaculture ponds and water areas have
decreased the mean LST of the area to some extent.
According to the distribution maps, LST is usually lower in

Table 3 Land use change matrix (from 1986 to 2015)

Land use
type

Farmland Woodland Grassland Water Built-up
Saline-

alkali field
Beaches Salterns

Aquaculture
Ponds

Wetland Year 1986

Farmland 5615.28 10.35 5.56 110.89 160.73 3.04 149.53 137.57 24.95 6217.90

Woodland 21.49 42.32 0.59 0.39 0.04 0.34 0.74 65.91

Grassland 621.36 2.51 92.78 53.96 193.94 7.89 89.64 423.76 251.35 35.72 1772.91

Water 29.88 2.67 1.35 131.99 9.42 0.04 11.52 0.98 1.92 4.48 194.25

Built-up 0.61 722.09 0.09 722.79

Saline-
alkali field

48.05 9.40 62.82 17.08 33.55 21.25 67.79 409.30 96.92 3.79 769.93

Beaches 20.51 4.18 8.79 34.81 16.22 9.57 315.61 264.68 91.60 14.09 780.06

Salterns 2.03 28.97 1.25 174.90 2.25 209.41

Aquaculture
ponds

8.54 0.64 0.41 0.11 20.57 38.34 4.59 73.20

Wetland 67.50 26.01 8.15 40.70 2.10 33.75 29.34 52.29 35.58 37.86 333.28

Year 2015 6434.64 97.43 180.08 391.02 1167.52 76.79 513.90 1496.14 655.86 126.24 11,139.63

*Conversion of ocean area into other land use types was not included.

Fig. 3 Distribution maps of LST on June 5, 1986 and 2015.
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coastal areas and it increases with distance from the
coastline. However, when the distance increases beyond a
certain stage, the LST begins to decrease. This phenom-
enon is related closely to the spatial distribution of LULC.
In order to study the influence of land cover type on LST,
the mean LST of different land cover types was obtained
via spatial overlay analysis (Fig. 4). The results showed
that the mean LST of water areas and aquaculture ponds is
lower, while that of saline-alkali fields, grassland, and
built-up areas is higher. The heat capacity of water is larger
than soil, which causes the temperature of a water body
and aquaculture ponds to rise more slowly. The LST of
farmland, grassland, saline-alkali fields, and built-up areas
was always above 35°C on the two studied days. Because
of the hardening of the ground and its small heat capacity,
the LST of built-up areas is higher. Saline-alkali fields and
grassland are distributed widely throughout the YRD, and
their LST is always high because of the sparse vegetation
coverage. Although the vegetation coverage of beaches is
low, the LST is not that high because of the influences of
the sea and shallow ground water.

3.3 Relationship analysis of LULC, LST, and NDVI

The NDVI, as an indicator of vegetation abundance, is the
most widely used vegetation index in urban heat island
(UHI) research, which uses remote sensing data to estimate
the relationship between vegetation and LST. Related data
on June 5, 1986 were used as an example. The LST
distribution data were discretized by 1°C and the NDVI
was discretized to multiples of 0.01. Using a spatial data
stack, the corresponding relationship between the LST and
the NDVI was obtained (Fig. 5). It can be seen from Fig. 5
that there is no clear linear correlation between LSTand the

Fig. 4 LST of different land use types on June 5, 1986 and 2015.

Fig. 5 Spatial relationship between NDVI and LST.
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NDVI, although various corresponding relationships exist
in different pixels. Sometimes, a numerical correspon-
dence relationship occurs with only one pixel. As
mentioned earlier, each pixel is 30 m� 30 m; thus, the
largest number of pixels is 104,484 (an area of 94.036
km2). Considering the spatial correspondence between
LST and the NDVI, most pixels are concentrated in the
LST range of greater than 30 and less than 40, for which
the corresponding NDVI values are between 0.0 and 0.3.
Spatial overlap analysis of the land use map allowed the
LST and NDVI ranges to be obtained for different land use
types. The LSTs of most farmland pixels are 32°C–47°C,
corresponding to the NDVI range of 0.00–0.33. This is the
most concentrated area of the pixel distribution, which is
consistent with previous land use analysis. The LST of the
majority of water surfaces ranges from 20°C to 28°C, for
which the corresponding NDVI values are 0.00 to -0.33.
The LST ranges from 35°C to 41°C in the majority of built-
up areas, and the corresponding NDVI values are 0.00–
0.18. The land use types with the largest range of LST are
saline-alkali fields and salterns, which is attributable to the
frequent spatiotemporal variation of the vegetation cover
of these two land use types.

3.4 Spatial analysis between LST and the VIs

To some extent, the VIs collectively represent the features
of land use, and the LSTs coherently reflect the thermal
conditions of the land surface. Consequently, integrating

LST with NDVI, ANDVI, SAVI, and MSAVI with
appropriate intervals could provide some insightful find-
ings. Our analysis elucidates this supposition by choosing
an interval of 0.01 for the VIs and a mean value of LST for
the corresponding pixels. Figure 6 shows the relationships
between LST and the VIs in the different years of time
series A.
Using Fig. 6(a) as an example, the characteristics of the

pattern between the NDVI and LST can be described as
follows. 1) An NDVI value of 0.10 is the inflection point
in 1986 (0.13 in 1996, 0.21 in 2015), 2) The LST and the
NDVI are correlated positively (R2: 0.94 in 1986, 0.95 in
1996, and 0.96 in 2015) when the value of the NDVI is
0.00–0.10 in 1986 (0.00–0.13 in 1996, 0.00–0.21 in 2015).
3) Generally, the LST and the NDVI are correlated
negatively (R2: 0.96 in 1986, 0.91 in 1996, and 0.97 in
2015) when the NDVI is 0.10–0.75 in 1986 (0.13–0.60 in
1996, 0.21–0.75 in 2015). 4) When the NDVI is 0.41–
0.53 in 1986 (0.44–0.55 in 1996), there is little change in
LST.
In general, the NDVI value increases with enhanced

vegetation coverage. It is easy to understand that higher
vegetation coverage would lead to lower LST; however,
when the NDVI is below a certain value, the LST appears
to increase with the VI. Through comparative analysis of
the NDVI and the spatial distribution map of land use, it is
found that NDVI values in the range 0.00–0.10 (the
inflection point) in 1986 are associated mainly with coastal
areas covered by beaches, wetland, saline-alkali fields,

Fig. 6 Relationships between mean LST and the VIs (time series A).
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salterns, and aquaculture ponds. Coastal areas with NDVI
values of 0.00–0.10 were selected to investigate the
positive correlation between LST and the NDVI. To
facilitate the analysis, coastal areas with NDVI values in
the target range were divided into three parts based on
thresholds of 0.02 and 0.07, as shown in Fig. 7(a). The
seawater temperature was lower than the land temperature
at the time of acquisition of the Landsat images, and the
closer the proximity to the sea, the greater the influence of
the seawater temperature (Fig. 7(b)). The LST of the
coastal zone shows an increasing trend from sea to land,
while the vegetation coverage and NDVI also increased.
The LST and the NDVI show positive correlation. Thus, it
can be concluded that the influence of seawater tempera-
ture makes the correlation of the LST–NDVI relationship
positive in coastal areas. A similar conclusion can be
drawn from the study of other VIs and the spatial
distribution of LST.
Similar results can be concluded based on Figs. 6(b)–

6(d). When the values of the ANDVI, SAVI, and MSAVI
are lower than the inflection point, the LST and the VIs are
correlated positively, and vice versa. In time series A, the
inflection point value of the VI in 1996 is always a little
larger than in 1986, and that of 2015 is the largest of the
three.
The relationships between mean LST and the VIs for the

years in time series B were also analyzed. As shown in Fig.
8, the correlation between LST and the VIs in time series B
was similar to time series A. The LST and VIs show
positive correlations when the values of the VIs are lower
than the inflection point, and vice versa.

4 Discussion

During the last 30 years, land use in the YRD has been
transformed. Overall, the transformation has occurred
primarily from poorly utilized land into highly utilized

land. The drastic change in land use types has inevitably
affected the distribution and transformation of regional
energy. The selected images of each time series have
similar astronomical dates, making it possible to compare
the LST of different years. It should be noted that
precipitation, air temperature, humidity, and wind speed
at the time of acquisition would have had an important
impact on the instantaneous LST.
With increasing distance from sea, the vegetation

coverage rate and the NDVI spatially showed increasing
trends, closely related to the distribution of land use (Figs.
2 and 3). The mean NDVI in the study area showed an
increasing trend, but the mean LST changed differently
under the influence of weather conditions. It must be
emphasized that the VIs and LST showed a more complex
relationship in 1984 in time series B (Fig. 8). The
relationship of LST and the NDVI in 1984 is displayed
as an example in Fig. 9(a). When the NDVI value
is> 0.15, the LST is correlated negatively with the NDVI,
which is similar to other years. When the NDVI value
is< 0.15, there are two new turning points (0.04 and 0.09).
When the NDVI value is> 0.04 and< 0.09, the LST and
NDVI show a negative relationship, which is contrary to
that of other years. In order to facilitate further analysis,
NDVI values in the range 0.04–0.09 were divided into two
parts based on the threshold value 0.064 (Fig. 9(b)). A
change of the LST in the same region is evident in
Fig. 9(c). Therefore, we investigated the meteorological
conditions for the 10 days before the acquisition of the
Landsat imagery using data from the Kenli weather station
(within the study area). It was found that precipitation
occurred on the third and seventh days before the
acquisition date in 1984 (1.7 and 18.1 mm, respectively),
whereas precipitation during the 10 days prior to the
acquisition of the remaining images was zero. The
precipitation in 1984 just before image acquisition would
have improved the soil moisture content in coastal low-
lying areas and thus, decreased the corresponding LST.

Fig. 7 Distribution map of (a) NDVI and (b) LST changes with the distance to the sea in coastal zone areas.
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Because LST is sensitive to soil moisture content, the
sensitivity of LST to the soil water content should be
analyzed under certain conditions. If conditions permit, the
effects of the magnitude and time interval of antecedent
precipitation should be considered in detail.
Schwarz et al. (2012) suggested that the nonlinearity of

the NDVI might make it unsuitable as an indicator for
quantitative analyses of vegetation when investigating the
vegetation–LST relationship. The relationship between the
LST and NDVI should be calibrated further. Mroz and
Sobieraj (2004) also suggested seeking a more suitable and
robust vegetation abundance indicator to supersede NDVI
in vegetation–LST relationship studies. Interestingly, we
have obtained improved results through the application of
specific data processing methods; however, some remain-
ing problems deserve further attention. In order to facilitate
data processing and analysis of results, artificial auxiliary
interpretation and the mean LSTwere used, which to some
extent ignore the detail. Although LULC can affect LST,
there are certain differences in LST between different
vegetation and land cover types. For any given spatio-
temporal condition, there is a close relationship between a
VI and LST. However, because a VI is a concentrated
embodiment of vegetation form, structure, soil regime, and
other relevant essential factors, the particular situation
should be taken into consideration if the change of LST is
studied in relation to the VI. In addition, a simple

classification of vegetation cover is also bound to smooth
some of the detail.

5 Conclusions

From 1986 to 2015, the YRD has experienced an increase
in land area of 205.81 km2 because of sediment deposition.
Research on LULC has indicated that an area of 3948 km2

of various land use types changed from 1986 to 2015,
accounting for 35.04% of the total land area in 1986.
Despite an increase in the gross area, a large area of
farmland and grassland has been converted into salterns
and aquaculture ponds. The decreased diversity of wetland
emphasizes the fragility of wetland ecosystem. The
exploitation of saline-alkali fields is also one of the
primary means of conversion of land use types within the
YRD area. Overall, conversion generally occurs from
poorly utilized land into highly utilized land.
There is close correlation between LST and vegetation

coverage. Through analysis of the relationship between
LST and different VIs, it was found that different inflection
points exist. When the values of the NDVI, ANDVI, SAVI,
and MSAVI are greater than the inflection point, LST and
the VIs are correlated negatively. When the VIs values are
lower than the inflection points, it is always the coastal
areas distributed by land use types of beaches, wetlands,

Fig. 8 Relationships between mean LST and the VIs (time series B).
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and saline-alkali fields. The LSTof coastal areas is affected
greatly by local seawater temperature, and it showed a
positive relationship with the VIs. Weather conditions such
as precipitation were also found to affect the change of
LST.
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