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Abstract: Given the rapid urbanization worldwide, Urban Heat Island (UHI) effect has been a severe issue limiting urban sustainability
in both large and small cities. In order to study the spatial pattern of Surface urban heat island (SUHI) in China’s Meihekou City, a com-
bination method of Monte Carlo and Random Forest Regression (MC-RFR) is developed to construct the relationship between land-
scape pattern indices and Land Surface Temperature (LST). In this method, Monte Carlo acceptance-rejection sampling was added to
the bootstrap layer of RFR to ensure the sensitivity of RFR to outliners of SUHI effect. The SHUI in 2030 was predicted by using this
MC-RFR and the modeled future landscape pattern by Cellular Automata and Markov combination model (CA-Markov). Results reveal
that forestland can greatly alleviate the impact of SUHI effect, while reasonable construction of urban land can also slow down the rising
trend of SUHI. MC-RFR performs better for characterizing the relationship between landscape pattern and LST than single RFR or Lin-
ear Regression model. By 2030, the overall SUHI effect of Meihekou will be greatly enhanced, and the center of urban development will
gradually shift to the central and western regions of the city. We suggest that urban designer and managers should concentrate vegeta-
tion and disperse built-up land to weaken the SUHI in the construction of new urban areas for its sustainability.
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1 Introduction

With the rapid development of city, urbanization gradu-
ally brings various environmental problems, such as
urban heat island (UHI), habitat loss, air pollution, and
so on (Taha, 1997; WHO, 2010; Mao et al., 2018). UHI
affects not only people’s normal life, but also the sus-
tainable development of city (Kalkstein and Greene,
1997; Patz et al., 2005). UHI enhancement is the result
of changes in urban spatial extent including reduction of
vegetation and water body and increase of impervious
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surface and the emission of artificial heat (Firozjaei et
al., 2020). Therefore, studying future changes of UHI by
means of urban spatial pattern is of great significance to
urban management and planning, which needs extens-
ive attentions.

Accompanied with development of thermal infrared
remote sensing in recent years, more and more research-
ers focus on the Surface Urban Heat Island (SUHI).
SUHI has become a research hotspot in the fields of
urban climatology, urban ecology, urban planning and
urban geography, which is highly related to land cover
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or landscape pattern (Firozjaei et al., 2018). Many SUHI
studies have shown that it is feasible to predict LST by
urban landscape pattern (Weng, 2001; Voogt and Oke,
2003; Weng et al., 2004; Zhou et al., 2011; Connors et
al., 2013; Maimaitiyiming et al., 2014; Zhou et al.,
2016; Estoque et al., 2017). Through the analysis of
landscape pattern, it is a hot topic to explore the influ-
ence of different types, proportions and shapes of land-
scape on LST. In the past studies, most researchers fo-
cused on the historical changes of SUHI and explored
the relationships between SUHI and potential environ-
mental factors. Only few researchers explored what will
happen to SUHI in future. Therefore, this study ana-
lyzed the relationship between landscape pattern and
SUHI by combining Monte-Carlo and Random Forest
Regression, and predicted the future SUHI of Meihekou
City, Northeast China.

Land cover type and other environmental parameters
were often used to predict LST through linear predic-
tion model in previous LST prediction. However, linear
prediction model can not well fit the nonlinear data.
Random Forest Regression (RFR) has been widely used
in data mining due to its excellent performance in char-
acterizing nonlinear correlation between different vari-
ables (Breiman et al., 1998). Despite the advantages of
RFR, the sensitivity of RFR to outliers is low (Segal,
2004). The Monte Carlo acceptance-rejection sampling
algorithm can increase the sampling probability of dis-
crete values. Combining Monte Carlo and RFR can
solve the problem of low sensitivity of RFR to outliers
and ensure the prediction accuracy of discrete values in
SUHI (Segal, 2004).

It is difficult to change the existing pattern of SUHI
for cities with long development time or large scale.
Therefore, from the perspective of long-term sustain-
able development, it is more important to make good
planning for emerging small and medium-sized cities.
Meihekou City locating in Jilin Province, Northeast
China has developed rapidly in economy and urbaniza-
tion in recent years. Due to its rapid development of
economic level and urban scale, SUHI has brought
many eco-environmental issues to residents of the city.
These issues are also common in small and medium-
sized cities in China and to the world. Therefore, the
goals of this study are: 1) to construct the regression re-
lationship between landscape pattern index and LST by
a combination method of Monte Carlo and RFR in Mei-

hekou City, 2) to examine LST historical changes and
future pattern of LST, and 3) to investigate historical
and future SUHI changes in the city. A new LST predic-
tion framework is proposed in this study to explore the
future pattern of SUHI in Meihekou City and thus this
study provides a good reference for studying SUHI in
other medium and small cities and is informative for
urban managers or planners to considering SHUI in the
construction of new urban land.

2 Materials and Methods

2.1 Study area

Meihekou City in Jilin Province of Northeast China oc-
cupies 2175 km® extending longitudes between
125°15'E and 126°03’E and latitudes between 42°08'N
and 43°02'N, as shown in Fig. 1. Meihekou City is loc-
ated in the transition zone between Songliao Plain and
Changbai Mountainous area, with an average altitude of
340 m and a relatively flat terrain. The climate of the
city is characterized by high temperature and rainy in
summer and cold and dry in winter. The annual mean
temperature of Meihekou City is relatively low. But
since 1961, the annual mean temperature has been in-
creasing continuously with changes from 4.8°C to 5.9°C
(Ren and Wang, 2009).

2.2 Data source and processing
The Landsat Thematic Mapper (TM) and Operational
Land Imager (OLI) images covering Meihekou City in
2010 and 2017 were obtained from the United States
Geological Survey (USGS). Due to the obvious SUHI
phenomenon in 2010 and 2017 and the excellent image
quality, the images in July 2010 and 2017 were selected
as the data source. Considering that the medium resolu-
tion satellite can provide a reasonable scale, and TM/OLI
has more bands, which can better divide land use data
and retrieve land surface temperature, so TM/OLI im-
ages is selected. A total of eight scenes of images were
used for our study (Table 1). Since July is the hottest
month in Meihekou City, and compared with other
months, the SUHI phenomenon in July is more obvious
and easy to observe. SUHI effect in our study refers
only in July (Ren and Wang, 2009).

In order to predict SUHI in 2030, firstly, the land
cover type maps of Meihekou City in 2010 and 2017
were obtained by Fractal Net Evolution Approach
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Fig. 1 Geographic location and terrain features of Meihekou City in Northeast China
Table 1 Landsat TM/OLI images used in the study in Meihekou City, Northeast China
Sensor model 1D Acquisition date Path Row
™ LTO5_L1TP_117031 20100729 20161014 01 T1 2010-07-29 117 31
LTO5_L1TP_118031 20100704 _20161016_01 T1 2010-07-04 118 31
LTO05 LITP 117030 20100729 20161014 01 TI 2010-07-29 117 30
LTO5_L1TP_118030 20100704 _20161014 01 T1 2010-07-04 118 30
OLI LCO8 LITP_ 118030 20170723 20170729 01 TI 2017-07-23 118 30
LCO8 L1TP_118031_20170723_20170729 01 _T1 2017-07-23 118 31
LC08_LITP_117030_20170716_20170727 01_T1 2017-07-16 117 30
LCO8 L1TP_118031_20170707_20170716_01_T1 2017-07-07 118 31

Notes: TM is Thematic Mapper, OLI is Operational Land Imager

(FNEA) and Classification And Regression Trees
(CART). Based on these two datasets of land cover
type, the land cover types in 2030 were predicted by
Cellular Automata and Markov combination model (CA-
Markov). The LST of 2010 and 2017 are obtained by
the single window method. Secondly, the land cover
type map and LST layer are gridded and divided into
2 km x 2 km grids, which can not only ensure the accur-
acy of temperature, but also ensure the number of land-
scape types in a grid. And the landscape pattern indices
were calculated according to land cover types after grid-
ding. Thirdly, the MC-RFR was used to get the predic-
tion model. Finally, using the landscape pattern indices
of Meihekou City in 2030 combined with the prediction

model, the LST in 2030 was generated, and further ana-
lyzes were performed. Due to the difference between the
maximum temperature and the minimum temperature in
each cycle, to study SUHI accurately, the LST of each
cycle is normalized. In order to facilitate the comparis-
on between heat islands, they are artificially divided in-
to five levels: strong heat island zone (0.8—1.0), heat is-
land zone (0.6—0.8), normal zone (0.4-0.6), green is-
land zone (0.2—0.4), strong green island zone (0-0.2).
2.2.1 Acquisition of land cover type datasets

FNEA is a multi-scale segmentation algorithm widely
used at present (Baatz, 2000). It is also the basis and
core content of popular object-oriented image analysis
technology. FNEA algorithm uses fuzzy subset theory
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to extract interested image objects. In this study, FNEA
method in eCognition is used to segment remote sens-
ing images for many times, and it is found that the seg-
mentation effect is better when the scale parameter is
given by 60, shape is 0.6, and compactness is 0.5. At the
same time, this study selected more than 600 samples,
set the threshold of each node in CART through visual
interpretation, and obtained the final classification res-
ult through decision tree (. In order to ensure the accur-
acy of the classification results, 2500 sample points
were selected and compared with the local topographic
map of the current year. Finally, 1997 sample points
were classified correctly, and the accuracy rate reached
79.88%, Kappa coefficient is 0.747, which confirmed
that the classification accuracy was basically reliable.
2.2.2 Inversion of LST data by Single Window Meth-
od

The single window algorithm was proposed by Prof.
Qin Zhihao in 2001 and has been continuously im-
proved for LST retrieval of Landsat series satellites (Qin
et al., 2001). This method avoids the dependence of real-
time sounding data and only needs one thermal infrared
channel. The traditional ground temperature data are
mainly obtained through ground monitoring stations.
Although the accuracy is high, it has some disadvant-
ages such as high cost, long time-consuming and obtain-
ing discrete point data. Therefore, only by using the res-
ults of discrete point data for spatial interpolation can
we obtain the LST in a large continuous time range. The
error between the obtained surface temperature and the
actual value is large, and there is uncertainty. The single-
window algorithm directly covers the influence of atmo-
sphere and surface in the model equation. Compared
with other radiative transfer models, the single window
algorithm is more suitable for LST inversion from
Landsat data. In this study, the atmospheric upward and
downward brightness and atmospheric transmittance
were obtained by NASA (http://atmcorr.gsfc.nasa.gov/).
With the help of ENVI software and the parameters in
Professor Qin’s manuscript, the surface temperature was
calculated.

2.2.3 Prediction of land cover types by CA-Markov
Model in 2030

CA (Cellular Automata) and Markov are both dynamic
models. Markov model is mainly used for numerical
prediction, while CA model is mostly used to simulate
the change of complex spatial system. Combining the

advantages of both models, CA-Markov model can bal-
ance the historical trend of land pattern evolution and
dynamically simulate the future land cover pattern.

CA can predict time and space simultaneously. The
model has three discrete variables including state, do-
main space and time.

S = f(S@-N) M

where S is the set of cell states, ¢ and ¢ + 1 represent two
different times, N is the neighborhood of a cell; fis the
cell transformation rule of local space.

Markov model can capture and describe the land cov-
er change trend between two different time states, and
set this change trend as the evolution rule of the next
stage to predict the land cover pattern in the future. This
rule is created by the conversion probability matrix of
land cover change between two time points.

S’ 1) = PyS's )

where S’;, S’¢+1represents the state of land cover sys-
tem at ¢ and 7+1 respectively, P; represents the state
transition matrix, that is, the transition probability of
landscape type i to landscape type ;.

2.2.4 Landscape pattern indices

The sample set calculates the landscape pattern indices
by using fragstats from three levels of landscape pattern
patch, type, and landscape. The characteristics of land-
scape pattern in the study area were taken as regression
samples. Referring to the relevant literature and the cur-
rent situation of the study area (Weng, 2001; Weng et
al., 2004; Xiao, 2007; Weng, 2009; Myint et al., 2010;
Zhou et al., 2011; Connors et al., 2013; Maimaitiyiming
et al., 2014; Zhou et al., 2016; Estoque et al., 2017),
Shannon Evenness Index (SHEI) was selected from the
landscape level to reflect the evenness of different types
of landscape in the land landscape. In the type level, the
Class Area (CA), Percentage of Landscape (PLAND),
Largest Patch Index (LPI), Edge density (ED) and Land-
scape Division Index (Division) were selected. Detailed
calculation methods refer to the official website of frag-
stats (http://www.umass.edu/landeco/research/fragstats/
fragstats.html).

2.3 Monte Carlo and Random Forest Regression
Combination

2.3.1 RFR algorithm

Inthe 1980s, Breiman and others invented the al-
gorithm of classification tree, which used repeated bin-
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ary data to classify or regress and greatly reduced the
amount of calculation (Breiman et al., 1998). In 2001,
Breiman combined the classification trees into RFR
(Breiman, 2001), that is, the use of variables (columns)
and the use of data (rows) were randomized to generate
a number of classification trees, and then summarized
into a comprehensive decision tree {A(x,0), t=1, 2,
3, ..,N}. 6 is independent random variable, x is input
variable, and N is the number of regression decision
trees. The mean value of K regression trees h(x,6y) is
used as the result of regression prediction.

In the process of generating RFR, the probability that
each sample will not be extracted is p=(1-1/N)",
when N approaches infinity, p tends to 0.368. This
shows that about 36.8% of the samples in the sample set
N are not selected, which is called Out Of Bag data
(OOB). Because the OOB data is unbiased, the accur-
acy of the model can be evaluated by calculating the
OOB error. RFE model uses the mean square residuals
of OOB data to evaluate the influence of independent
variables on dependent variables, which is called the
Variable Importance Measure (VIM) (Gromping, 2009).
2.3.2 Monte Carlo method
Monte Carlo method, also known as statistical simula-
tion method, is widely used in physics, chemistry, eco-
nomics and information technology fields through re-
peated random sampling to simulate the probability and
statistics of objects. Acceptance-rejection sampling is a
random sampling method for complex problems (Case-
lla et al., 2004). First, an auxiliary recommendation dis-
tribution G is determined to generate candidate samples.
Uniform distribution or normal distribution can be se-
lected. Second, determine the uniform distribution of
another auxiliary U(0, 1). Third, set a constant ¢. ¢ needs
to satisfy the minimum value of ¢ x g(x) > f(x), and the

closer to 1, the better. Finally, if U < ALY let X=1,
8

cg(Y)

cycle calculation is performed.

The sample set Y is obtained from the sample G of the
proposed distribution, and the sample set u is obtained
from the sample U(0, 1).

2.3.3 Monte Carlo-Random Forest Regression Com-
bination Model

In the RFR regression algorithm, in order to solve the
over fitting problem and improve the prediction accur-
acy, each decision tree is obtained by a bootstrap ran-
dom sampling, and its node splitting feature is obtained

by combining the training subset obtained from the
sampling with the random subspace method (Segal,
2004; Gromping, 2009). Bootstrap random sampling is
to sample all the samples as a whole, which makes the
RFR extremely insensitive to outliers in the sample data.
However, the objectives of SUHI study are extremely
high value and very low value, which belong to abnor-
mal value compared with the whole, so it is necessary to
improve bootstrap in RFR. In this study, the acceptance
rejection sampling method in Monte Carlo is intro-
duced before bootstrap in RFR. Generate sample sets for
all levels of data. Then, the RFR was used to calculate,
in order to achieve better results. The flow chart is
shown as Fig. 2. In order to test the stability of the mod-
el and the rationality of the evaluation results, MC-RFR
model, RFR model and Linear Regression model were
compared. The parameters of RFR are consistent with
MC-RFR, i.e., k = 500. In order to compare the fitting
ability and accuracy of the three models, the RMSE and
R? values of each model were calculated. In order to av-
oid randomness, the three models were run for 50 times.

3 Results

3.1 Spatial and temporal patterns of land cover in
2010, 2017 and 2030

Among our tests, the classification achieved the best
results when scale parameter is given by 60, shape is
0.6, and compactness is 0.5. The overall classification
accuracy is 79.88%, and kappa coefficient is 0.747.
Classification result has good consistency with actual
samples and meet the accuracy requirements. Accord-
ing to Table 2 and Fig. 3, urban land in Meihekou City
increased from 159 km?” in 2010 to 168 km” in 2017 and
to 178 km? in 2030. The area of the central city gradu-
ally expanded, and vertical expansion to the north and
south. At the same time, towns in the northeast and
southeast are expanding. Agricultural land in the central
and eastern regions has expanded notably, with the total
agricultural land area increasing from 1237 km? in 2010
to 1296 km? in 2030. The area of water body and grass-
land also increased slightly. The total woodland area de-
creased by about 100 km?, of which the southern forest-
land area decreased markedly. Increase of grassland in
the south can also be attributed to the degradation of
forestland.
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Table 2 Area of different land cover types in Meihekou City,
Northeast China in different years / km?

Land cover types 2010 2017 2030
Agricultural land 1236.78 1261.51 1326.41
Forestland 687.83 652.62 573.49
Grassland 9.08 9.10 9.46
Water body 84.79 85.70 89.45
Urban land 159.20 167.97 177.79
Unused land 3.92 4.68 5.00
Total 2181.59 2181.59 2181.59

3.2 Spatiotemporal patterns of LST in 2010 and
2017

As revealed in Fig. 4, ranges of high temperature in the
urban center have an obvious expansion from 2010 to
2017. A large range of areas in the northeast region have
changed from medium low temperature to medium high
temperature. The temperature of a large number of low-
temperature areas in the central and southern zone has

increased and transformed into medium temperature
areas. However, the low temperature areas in the south
and north area increased gradually, which is supposed to
be caused by the policy of returning agricultural land to
forest. Overall, the surface temperature in 2017 was sig-
nificantly higher than that in 2010.

3.3 Method accuracy comparison and prediction
Average values of the MC-RFR, RFR and Linear Re-
gression indices were compared in Table 3. MC-RFR
and RFR provide better fitting ability for the Training
set compared with Linear Regression. The accuracy of
MC-REFR is significantly higher than that of traditional
RFR, indicating that MC-RFR is more suitable for
studying the regression between landscape pattern and
LST in Meihekou City.

In order to compare the performance of the three
models more accurately, this study uses the cross valida-
tion method to extract 30 values from the sample sets as
the test sets for accuracy simulation evaluation, and cir-
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Fig. 4 Spatial patterns of LST in Meihekou City, Northeast China. (a) 2010 and (b) 2017

Table 3 Comparison of performance indices of different models

Monte Carlo-Random Forest Regression

Random Forest Regression Linear regression

Model
Training set Test set Training set Test set Training set Test set
R 0.831 0.822 0.796 0.818 0.537 0.603
RMSE 0.131 0.126 0.252 0.193 0.474 0.531

cularly extract 50 times. Fig. 5 is the result of one of
them. It can be seen that RFR has a large deviation at
extremely high value and extremely low value, and the
prediction result is close to the real result only when it is
located in the average value area. Although the MC-
RFR has a deviation in the extremely high value region
and the extremely low value region, the prediction res-
ult is relatively close. The difference between the two
models is 30%. The results of Linear Regression are not
ideal. The precision of MC-RFR and RFR is about 0.78
and 0.54, and the precision of Linear Regression is only
0.32. In addition, the prediction model is proved to be

significant and credible. However, it can be seen from
Fig. 6 that the MC-RFR still has some shortcomings in
dealing with outliers, which needs to be improved in the
follow-up study.

Compared Fig. 6a with Fig. 4, the temperature in the
center study area has been significantly increased and
the scope has gradually expanded in 2030. A number of
medium and high-temperature regions have been trans-
formed into high-temperature regions and connected
with each other by 2030. There are new high temperat-
ure areas in the north and south of the city center, which
can be inferred that the expansion of the city is in the
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Fig. 6 Spatial pattern of LST in Meihekou City, Northeast China in 2030. (a) Spatial variation, (b) Frequency

north-south direction. From the Fig. 6b, it can be found
that most of the current temperature distribution range is
between 26.69°C-29.85C, but the frequency of 28.59°C
—29.85C is greater than 26.06°C—27.32°C, indicating
that the middle high temperature region is far larger than
the middle low temperature region.

3.4 SUHI Effect based on LST

The strength of SUHI is actually the distance between
LST and average LST. Because the distance between
LST and average LST is related to time scale, accord-
ing to a large number of remote sensing experimental
analysis and related research, the heat island can be di-
vided into five grades: strong green island, green island,
middle, heat island and strong heat island (Xiao, 2007,
Sun et al., 2012; Song et al., 2014). It can be seen from
Fig. 7 that the strong heat island zone in Meihekou City
changed little from 2010 to 2017, but the area change
showed an upward trend from 2017 to 2030, with the
area changing from 11.68 km? to 42.76 km®. From 2010

to 2030, the heat island zone increased from 29.42 km?
in 2010 to 44.85 km? in 2030. The normal zone showed
a trend of decline first and then rise. The green island
zone decreased by half from 1516.03 km* in 2010 to
782.20 km? in 2030. The strong green island zone in-
creased steadily year by year, from 570.07 m* in 2010 to
938.04 km” in 2017 and then to 1195.87 km’. In 2017, a
strong heat island point appeared in the north central re-
gion, but disappeared in 2030, followed by a larger
range of median islands. In 2010 and 2017, the normal
zone of the central and western regions will be expan-
ded by 2030. The southwest strong green island zone is
also increasing year by year.

4 Discussion

4.1
land surface temperature

Relationship between landscape pattern and

Land cover changes usually caused significant ecologic-
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Fig.7 Spatial and temporal distribution pattern of SUHI in Meihekou City, Northeast China, (a) 2010, (b) 2017, and (c) 2030

al changes (Mao et al., 2019). Landscape types contrib-
ute more to the study of the relationship between land-
scape pattern and LST than landscape configuration.
The main reason for this situation is that each landscape
type has a different impact on LST. For example, many
studies have shown that the LST of greenbelt and forest-
land is lower than that of impervious surface (Weng et
al., 2004; Sun et al., 2012; Song et al., 2014). Peng et al.
found in the study of Beijing metropolitan area in 2016
that when forestland or grassland occupied more than
70% of the whole patch area, its LST decreased signific-
antly (Peng et al., 2016). At the same time, Estoque et
al. (2017) also proposed that the area of forestland and
grassland in the whole patch should be increased if the
SUHI effect is to be alleviated. However, both large cit-
ies and small and medium-sized cities in this study
should focus on improving the single landscape type.
For example, Du et al. analyzed the impact of the pre-
paration of isolation zone in Zhuhai City on LST in
2016, and concluded that landscape configuration is also
very important for LST (Du et al., 2014). Therefore,
there is a great heterogeneity between landscape pattern
and LST (Cheng et al., 2015). Generally speaking, the
increase of fragmentation degree of strong impact
sources (such as impervious surface) is beneficial to al-
leviate SUHI effect. However, the impact of weak
sources (forestland, grassland, water body, efc.) on
SUHI is mainly manifested in that the LST decreases
with the increase of the percentage of patch area. With
the increase of the degree of fragmentation of strong im-
pact sources, it is bound to lead to the participation of

other sources, which will lead to the decrease of LST
(Zhou et al., 2011).

4.2 Significance of Monte Carlo and random forest
combination model

Choosing appropriate methods or models is the key to
study the relationship between landscape pattern in-
dices and LST. Traditional methods such as Linear Re-
gression or Artificial Neural Network (ANN) are often
used to study landscape pattern and LST, but the spatial
autocorrelation caused by spatial independence of de-
pendent variables can not be considered in traditional
Linear Regression, which leads to large model error
(Segal, 2004; Gromping, 2009). At the same time, in the
study of heat island effect, although the effect of ANN
is better, its implementation is troublesome, which is not
conducive to the operation in the real environment
(Ashtiani et al., 2014). In this study, Monte Carlo and
random forest regression are combined and compared
with random forest regression and Linear Regression.
We found that the prediction accuracy of random forest
regression is significantly improved compared with Lin-
ear Regression, but the extreme value and extremely
low value of random forest are not even as good as Lin-
ear Regression because of its insensitivity to outliers. In
order to solve this problem, Monte Carlo and random
forest regression are combined to solve the problem of
insensitive outliers. Therefore, the MC-RFR combina-
tion method is a promising method to solve the relation-
ship between landscape pattern indices and LST, which
is of great significance to the study of SUHL
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4.3 Surface urban heat island mitigation strategy
and adaptation

According to the observation, the area of urban land-
based strong heat island in the middle of Meihekou City
has increased. The area is relatively dense buildings,
less green space and water, resulting in higher temperat-
ure than other areas. The normal zone in the central re-
gion also increased, indicating that villages and towns
are gradually developing. However, due to the sparse
buildings in villages and towns and the low reflectivity
of roads, it presents the characteristics of intermediate
value, but it is still higher than that of green space and
agricultural land. The strong green island zone in the
north and South increased significantly, and the vegeta-
tion coverage was much higher than that in the middle
of Meihekou City, because the strong green island zone
increased with the increase of agricultural land and
forestland (Zhou et al., 2011; Zhou et al., 2016).
However, it is worth noting that the heat island zone is
still expanding, and the reasonable layout of new urban
land should be strengthened.

At present, many scholars interpret SUHI from differ-
ent perspectives and start to study how to deal with and
improve SUHI. For example, the ability of vegetation
covered roofs, roofs of special materials and roads in
adapting to and mitigating SUHI, and the influence of
urban three-dimensional structure on air temperature are
also the current research directions (Ferguson et al.,
2008; Hoverter, 2012; Rajagopalan et al., 2014; Hoag,
2015; Qin, 2015; Sharma et al., 2016). At the same time,
there is another direction, that is, the direction of urban
greening, to increase and improve the area and structure
of green space and water body in the city. From the
study results, reducing the proportion of construction
land and unused land in the whole patch and aggrega-
tion degree is the fundamental way to solve SUHI.
However, in the process of urban development, the re-
duction of urban construction land is not in line with the
actual development needs, so we need to start from the
landscape configuration, increase the fragmentation de-
gree of urban land in patches, and increase the interval
of forestland, grassland or water body to reduce SUHI.
In addition, adjusting the spatial distribution of strong
heat sources is also a strategy. In the future urban plan-
ning, some landscapes can be added to absorb heat and
facilitate heat dissipation, including forestland and wa-
ter body. At the same time, in order to obtain rich land-

scape diversity, multiple buffer zones can be put in urb-
an land to reduce SUHI brought by large-scale built-up
areas. In addition, saving and intensive use of construc-
tion land, tapping the inherent potential of construction
land, and reasonably adjusting the urban spatial form are
of great significance to alleviate the SUHI effect (Weng,
2009; Myint et al., 2010; Estoque et al., 2017).

In the process of urbanization, different landscape
types are inevitably disturbed by human beings. Human
activities will lead to changes in the distribution and
area of all kinds of landscapes, and then affect the size
and strength of heat island. If according to a certain de-
velopment strategy, reasonable planning of the distribu-
tion of all kinds of landscape in the city can give full
play to the various characteristics of the landscape, and
effectively slow down the phenomenon of heat island.
But landscape type is not enough. Humidity, wind
speed, building area, vegetation cover types, and even
building height and material are the factors affecting
SUHI effect (Hoverter, 2012). In this study, the land-
scape level is simply studied. The influencing factors
and the landscape configuration combination should be
refined and improved in the follow-up study (Qin, 2015;
Sharma et al., 2016). Only in this way can we put for-
ward more reasonable guidance for urban planning,
which is of great significance to solve the SUHI effect.

5 Conclusions

In this study, a combination method of Monte Carlo and
Random Forest Regression (MC-RFR) was used to eval-
uate SUHI in Meihekou City in Northeast China. Based
on the land cover data in 2010 and 2017, land cover
types in 2030 are predicted by using CA-Markov al-
gorithm, and the future SUHI effect was further evalu-
ated. The prediction results show that urban develop-
ment center of Meihekou City will shift from the cent-
ral urban area to the central and western regions in
2030. The strong heat island points in the northern part
of 2017 will change to a larger normal zone in 2030, in-
dicating that the development process will change from
centralized development to surrounding development.
The green island zone is increasing year by year, which
indicates that the protection of agricultural land and
forestland is increasing. We believe that urban man-
agers should reduce the impact of SHUI by concentrat-
ing vegetation and dispersing the built urban land (such
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as buildings and roads) in the construction of new urb-
an land, so as to provide a more livable urban living en-
vironment. The study could provide a reference to eval-
uate SUHI in other cities.
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