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Abstract: Urban parks have been shown to form park cool islands (PCIs), which can effectively
alleviate the negative influences of urban heat islands (UHI). However, few studies have examined
the detailed characteristics of PCIs, the effect of urban park features on their individual temperatures,
and monthly variation in PCIs. Land surface temperature (LST) retrieved from Landsat 8 TIR
images between May and October were used to represent the thermal environment. Urban
park characteristics were extracted from high-resolution GF-2 images. Using these datasets, the
relationships between urban park characteristics and PCIs were explored in this study using
Changchun, which has a snow climate, as a case study. The results showed the following: (1) the
urban parks exhibited a cooling island effect, and the PCIs showed significant monthly variations
with the highest intensities in the hot months; (2) the effects of composition (e.g., park size and the
percentage of water area) on LSTs and PCIs showed significant monthly variability and were stronger
than the configuration effects. Furthermore, an unexpected, negative correlation between PCIs and
the area of park grass was also found; and (3) larger parks tended to have stronger PCI intensities and
extents of influence. For parks larger than 30 ha, the cooling effects extended approximately 480 m
from the park edge between June and August. For all of parks during the study duration, the rate of
temperature increase was highest within 60 m from the park edge. The PCI we employ specifically in
this study is characterized by LST.
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1. Introduction

Rapid urbanization has led to 54% of the world’s population residing in urban areas, with the
percentage projected to reach 66% by 2050 [1]. This unprecedented process will inevitably lead to
changes in the landscape patterns through the transformation of natural surfaces into dense, artificial
buildings [2,3]. The differences in the thermal characteristics of natural and man-made environments
result in the urban heat island (UHI), a phenomenon in which urban areas have higher temperatures
than the surrounding environment [4,5]. The UHI negatively affects energy consumption, air quality,
runoff, and human health, particularly for the poor and the old sections of society [6–9].

Urban parks which can provide important ecosystem services to ameliorate the impacts of
urbanization, such as noise reduction, recreational facilities, microclimate regulation, and air pollution
reduction, have been shown to significantly mitigate the UHI effect during the hot season [10–15]. The
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cooling effect of urban parks is also referred as “park cool island” (PCI) [16]. Urban parks are typically
covered by a high percentage of vegetation and water. Vegetation with a lower emissivity than chemical
material can have lower surface temperatures through higher evapotranspiration and/or shading
processes [17,18]. The high heat capacity of water also contributes to the cooling effect. Therefore,
the integration of urban parks in urban planning is vitally important to mitigate the UHI effects for
surrounding populations.

There are two methods of conducting PCI research: in-situ observations and thermal infrared
(TIR) remote sensing [19,20]. Traditionally, air temperature measurements were used to investigate
the temperature reductions at park edges. However, the limited meteorological stations and/or air
temperature measurement facilities restrict the ability of this method to examine the PCIs of all parks
within an urban area. Recently, land surface temperature (LST) retrieved from thermal remote sensing
has attracted attention among scientists [21,22]. The availability of high quality TIR images that provide
a continuous and simultaneous view of the city, as well as mature LST retrieval algorithms, allow for the
characterization of the urban thermal environment using LST [23–25]. However, similar to UHI studies,
the intensity of PCI values varied considerably because of the different data resources [11,26–28].
In addition, the emergence of very high spatial resolution (prior 2 m) remote sensing images, such
as Quickbird, IKONOS, and GF-2, allow for extraction and identification of park features, such as
single trees [16,29,30]. The development of remote sensing has contributed much to the urban thermal
environment studies.

Many studies have been conducted to explore the relationships between urban park characteristics
and PCI [31–34]. Both the park composition and configuration can influence the observed cooling effect.
Park size, park perimeter, percent woodland, and percent water bodies can significantly influence the
PCI intensity [11,16]. Impervious surface area has shown a positive relationship with LST in previous
studies [35,36]. However, the area of grass in parks has also shown a heating effect [16]. Landscape
ecology methods that employ landscape metrics, such as landscape shape index, patch density, edge
density, and fractal dimension, are used to characterize park features [37–39], with FRAGSTATS being
the most popular method of calculation [40]. Due to the temporal differences in vegetation growth and
radiation conditions, seasonal variation of the cooling effect has also been widely explored [30,41,42].

Despite the contributions of previous studies, deficiencies still exist in the literature. First, most
studies only have explored the difference between the park and surrounding area temperatures at
certain distances. Neither the PCI change nor the rate of temperature decrease with increasing distance
from parks have been examined in detail [43]. Second, few studies have discussed the effects of urban
park characteristics on park temperature, which affects the PCI intensity considerably. Additionally,
information concerning the influence of the surrounding park environment on the PCI is sparse in the
literature. Third, seasonal variations of PCI were common in temporal studies, and the results showed
that the PCI was not significant during the winter [16]. However, studies that focus on PCI monthly
variability are rare, impeding a comprehensive understanding of PCIs. Finally, studies in cities with a
snow climate are needed to inform the theory and provide diverse data from different environmental
conditions [44].

This study focuses on Changchun, China, a city with a snow climate. Based on the LST and
urban park datasets retrieved from Landsat 8 TIR and GF-2 images, the specific objectives of this
study were to: (1) analyze the spatial characteristics of the thermal environment and land use in
parks within the study area; (2) explore the effects of urban park features on both park LSTs and
PCIs; and (3) examine the monthly variations of PCI characteristics (i.e., PCI intensity, PCI extent,
and PCI temperature gradient) by using qualitative and quantitative approaches in combination with
geographical information system (GIS) and remote sensing. The aim of this study is to promote
a further understanding of PCIs, to produce techniques for ameliorating the UHI effect, and to improve
urban park design and planning. In our study, LST rather than air temperature was employed to
characterize PCIs.
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2. Materials and Methods

2.1. Study Area

Changchun city (125◦11′–125◦25E′, 43◦43′–43◦59′N) (Figure 1), the political, economic, and
cultural center of Jilin province, is a highly populated city with approximately 3.66 million residents in
2014. Located in the cold temperate zone of the Northern Hemisphere, Changchun has a sub-humid
continental climate characterized by long, cold, and dry winters and short, hot summers. According to
the local meteorological records from 1951–2014, the average annual precipitation and air temperature
of Changchun are 561.6 mm and 5.5 ◦C, respectively, and the mean monthly temperature from
November to April is below 10 ◦C. In the past 30 years, as a result of rapid urbanization, the urban
area of Changchun has more than quadrupled in size, and the thermal environment has undergone
simultaneous changes [45]. The land use in Changchun urban area is heterogeneous with a mosaic
of commercial, industrial, residential, and open green space land use classifications. Therefore,
high-resolution remote sensing images are essential to capture the detailed surface information.
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Figure 1. GF-2 image of Changchun city (1 m resolution) and the distribution of weather stations.

2.2. Data Sources

High spatial resolution GF-2 remote sensing images were acquired on 15 May 2015 from China
Center for Resources Satellite Data and Application (CCRSDA) to extract the urban park information
used in this study. GF-2 is equipped with two multispectral scanners with 1 m panchromatic and 4 m
high resolution, respectively, and is characterized by a sub-meter spatial resolution and high accuracy
of positioning. The launch of Landsat 8 in 2013 with the most advanced Thermal Infrared Sensor
(TIRS) extends the 40-year record at least for another 5 years [46]. The free Landsat 8 TIRS images
were obtained from the United States Geological Survey (USGS) and were used to derive LSTs. The
information concerning the images used in this study is shown in Table 1.
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Table 1. The images used in this study

Sensors Date Resolution Path/Row

Landsat 8 OLI/TIRS 15 May 2015, 13 June 2014, 31 July 2014
5 August 2016, 17 September 2014, 3 October 2014 30 m 118/30

GF-2 15 May 2015 1 m 125.3◦E, 43.8◦N
125.4◦E, 44.0◦N

2.3. Methods

2.3.1. LST Retrieval

Based on the radiative transfer equation, Landsat 8 TIRS images can establish direct links to
LST [23]. The Mono-window algorithm (MWA), developed for Landsat TM data, was chosen to
retrieve LST in this study due to lack of detailed atmospheric variables. The MWA only requires three
parameters: emissivity, transmittance, and effective mean atmospheric temperature [47]. The basic
form can be written as follows:

Ts = [a(1− C− D) + (b(1− C− D) + C + D)Ti − DTa]/C (1)

C = ετ (2)

D = (1− τ)[1 + (1− ε)] (3)

where Ts is LST; Ti is the at-sensor brightness temperature of the TIR bands i; ε is land surface emissivity
(LSE) of bands i; τ is the atmospheric transmittance of bands i; Ta is the effective mean atmospheric
temperature; and a and b are constants. More information on the LST retrieval and validation processes
may be found in Yang et al. [30,45].

2.3.2. Urban Parks Mapping

Owing to the high spatial resolution images, park land use was visually mapped and classified
into five categories: trees, grass, water bodies, soil land, and impervious surfaces (Table 2). The
multispectral and panchromatic images were first fused to produce a four-band pan multispectral
image with a 1 m resolution. Then, the edge of each park land use classification was identified based
on its color, size, and location (Figure 2).
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Table 2. Urban park land use classifications.

Types and Abbreviation Description

Park trees, PT Covered by woodland and shrubs; other vegetation is less than 10%
Park grass, PG Dominated by herbs and lawn; other vegetation is less than 10%
Park water bodies, PW Rivers, lakes, and/or ponds
Park soil land, PS Covered by bare soil; less than 5% vegetation cover
Park impervious surfaces, PI Buildings, pavements, and other man-made impervious surfaces

Landscape metrics methods have been widely employed to measure landscape patterns by
characterizing the composition and configuration of associated features [48,49]. In this study, four
landscape metrics including park area (PA), park perimeter (PP), park landscape shape index (PLSI),
and park patch density (PD) were used to quantitatively describe urban parks according to the
following principles: (1) easily calculated; (2) practical and scientific importance [50]. PA and PP are
composition metrics that show the size and perimeter of each park. As a shape metric, PLSI quantifies
the relationship between park area and perimeter. Circular and square-shaped urban parks have PLSI
values of 1.00 and 1.13, respectively, while large PLSI values typically signify complicated shapes. PD
is a measure of division; higher PD values indicate more land use patches inside the park. Table 3
shows information concerning the metrics used in this study.

Table 3. Landscape metrics used in this study.

Landscape Metrics And
Abbreviations Descriptions and Calculations

Park area, PA The area of parks (ha), PA > 0, without limit
Park perimeter, PP The perimeter (m) of parks, PP > 0, without limit
Park landscape shape index, PLSI LSI = PP/(2

√
πPA), LSI > 0, without limit

Park patch density, PD PD = n*100/PA, where n is the number of patches in a given park

2.3.3. Park Cool Island

According to the definition of the UHI, PCI intensity (in this study) refers to differences in LSTs
between urban parks and the surrounding urban areas:

PCI = Tout − Tin (4)

where Tin is the average park LST, and Tout is the average LST of the urban area surrounding the park.
Based on previous studies, the PCI intensity includes three main aspects: the largest PCI (LPCI),

the PCI extent (EPCI), and the temperature gradient of PCI (TPCI) [43]. LPCI is the highest LST
difference between the parks and their surrounding areas, reported in ◦C. EPCI is the spatial extent,
in which the PCI has significant influence, given in m. TPCI is the rate of temperature increase with
distance, in units of ◦C/m.

Although the edge of each park is fixed, the boundaries of the surrounding urban areas are not
explicit. As a result, 60-m interval buffer zones (excluding other parks and water bodies) from the
edge of parks to 600 m were used to explore LST differences between the parks and their surroundings
(Figure 2). The 600-m buffer zone around a park is large enough to include the neighboring thermal
environment. The LPCI is defined for all parks as the difference between the 600-m buffer zone and
park LST [16]. If the LST difference between two adjacent buffer zones was less than 0.1 ◦C, the
distance from the park edge to the previous buffer zone was considered the EPCI.

2.3.4. Spatial Analysis

Analysis of time series data that were collected between May and October was used to explore the
monthly variations of PCIs, excluding the winter months. For each date, the average interior LSTs of
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each urban park and associated buffer zones were acquired by using the Overlay and Statistic Analysis
tools in ArcGIS 10.2 (ESRI, Redlands, CA, USA). Then, the LST difference between the parks and their
associated buffer zone intervals were calculated to examine PCI spatial variability. Pearson correlation
coefficients were used to assess the relationships between average park LST, land use, and landscape
metrics. In addition, multiple linear regression models and curve fitting methods were employed to
examine the influence of land use and landscape metrics on PCIs. All of the statistical analyses were
performed with SPSS 19.0 (IBM, Armonk, NY, USA).

3. Results

3.1. The Urban Thermal Environment

Figure 3 shows the differences between retrieved LST and observed air temperature across
different dates using the method outlined in previous studies [30,51]. Overall, average LST was
approximately 3.63 ◦C, 5.02 ◦C, 5.23 ◦C, 5.51 ◦C, 3.41 ◦C, and 2.78 ◦C higher than the average observed
air temperature from May to October, respectively. The square of the correlation coefficient (R2) were
0.72, 0.60, and 0.76 for June, July, and August, respectively, which were higher than other months.
Based on the results, the consistency between LST and observed air temperature indicates that the LST
can reflect the urban thermal environment.

Remote Sens. 2017, 9, 1066  6 of 17 

 

correlation coefficients were used to assess the relationships between average park LST, land use, 
and landscape metrics. In addition, multiple linear regression models and curve fitting methods were 
employed to examine the influence of land use and landscape metrics on PCIs. All of the statistical 
analyses were performed with SPSS 19.0 (IBM, Armonk, NY, USA). 

3. Results 

3.1. The Urban Thermal Environment 

Figure 3 shows the differences between retrieved LST and observed air temperature across 
different dates using the method outlined in previous studies [30,51]. Overall, average LST was 
approximately 3.63 °C, 5.02 °C, 5.23 °C, 5.51 °C, 3.41 °C, and 2.78 °C higher than the average observed 
air temperature from May to October, respectively. The square of the correlation coefficient (R2) were 
0.72, 0.60, and 0.76 for June, July, and August, respectively, which were higher than other months. 
Based on the results, the consistency between LST and observed air temperature indicates that the 
LST can reflect the urban thermal environment. 

 
Figure 3. Relationship between observed air temperature and retrieved land surface temperature 
(LST). 

Figure 4 shows the thermal environment of the study area in different months. There were 
remarkable monthly variations in the spatial pattern of LST. The urban area tended to have higher 
LSTs than the rural area in the northwest part of the study area, with the exception of October. The 
hottest regions were distributed in the central and southwest parts of the study area, where there 
were dense commercial and industrial districts, respectively. The distribution of urban parks 
corresponded to the spatial patterns of LST, and although the urban area had high LSTs, urban park 
LSTs were significantly lower than the surrounding environment, with the exception of October. 

Figure 3. Relationship between observed air temperature and retrieved land surface temperature (LST).

Figure 4 shows the thermal environment of the study area in different months. There were
remarkable monthly variations in the spatial pattern of LST. The urban area tended to have higher LSTs
than the rural area in the northwest part of the study area, with the exception of October. The hottest
regions were distributed in the central and southwest parts of the study area, where there were dense
commercial and industrial districts, respectively. The distribution of urban parks corresponded to the
spatial patterns of LST, and although the urban area had high LSTs, urban park LSTs were significantly
lower than the surrounding environment, with the exception of October.

The average study area LSTs for May, June, July, August, September, and October were 23.12
◦C, 33.85 ◦C, 35.17 ◦C, 37.67 ◦C, 25.87 ◦C, and 16.18 ◦C, respectively, while the corresponding LST
difference between the mean park temperatures and mean study area temperature for the same months
were −2.89 ◦C, −3.12 ◦C, −3.33 ◦C, −3.44 ◦C, −2.48 ◦C, and −1.86 ◦C, respectively. The results
demonstrated that the urban parks in this area exhibit a cool island effect. The month of August
showed the largest LST differences, while the coldest month of October had the smallest. These results



Remote Sens. 2017, 9, 1066 7 of 17

were counterintuitive because it was hypothesized that high average study area LSTs would result in
large LST differences between the parks and urban area.Remote Sens. 2017, 9, 1066  7 of 17 
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3.2. Urban Parks Characteristics

Only parks of 2 ha (0.02 km2) or larger were considered in this study because the size of a single
LST pixel is 900 m2 (0.09 ha). There are 66 urban parks in the study area (Figure 1), and the spatial
patterns of land use inside one park is shown in Figure 2. The total urban park area is approximately
2329 ha (5% of the study area), with an average park area of 35.29 ha. The landscape metrics and
the LST for the 66 urban parks are shown in Table 4. As previously mentioned, the urban park LSTs
were lower than the surrounding area, but there were still large differences in LSTs among the parks.
For example, LSTs varied by 9.22 ◦C on 5 August 2016. The LST differences may be due to park
characteristics, which will be explored in the following section.
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Table 4. Urban park metrics and monthly LST data.

Values PA
(ha) PP (m) PLSI PD May

(◦C)
June
(◦C)

July
(◦C)

August
(◦C)

September
(◦C)

October
(◦C)

Max 312.13 8171.59 2.11 296.51 24.56 36.04 36.32 39.45 26.69 16.64
Min 2.03 576.67 1.01 10.74 18.14 27.47 28.20 30.23 21.79 13.21
Ave 35.29 2348.69 1.33 112.49 20.23 30.73 31.68 34.23 23.39 14.32

Max, Min, and Ave are abbreviations maximum, minimum, and average, respectively.

3.3. Relationships between Urban Parks Interior LST and Characteristics

The bivariate correlation coefficients between urban park LST and landscape metrics, the percent
area of trees (PT), grass (PG), water (PW), impervious surfaces (PI), and soil land (PS) are shown in
Table 5. Figure 5 shows the regression models between these park characteristics and LST. Both PA and
PP have strong negative relationships with LST in all months. The negative influence of PA and PP on
LST was strong in July and August, while the October correlations were the weakest. The PW also had
significant negative relationships with LST in all months except October. This finding indicates that
urban parks with high PA, PP, and PW values tend to have low LSTs. The PLSI only showed negative
correlations with LST in some months. Although the correlation coefficients between PS and LST were
negative, they were not significant statistically.

The PD showed significantly correlations with LST during all six different months that were much
stronger than the correlations between PI and LST. PI also showed significant correlations with LST in
all months except for October. A very interesting phenomenon was that the relationships between the
percent tree area and LST were not significant in all months, while the percent grass area showed a
positive relationship with LST throughout study duration.

Table 5. Bivariate correlations between urban park characteristics, landscape metrics, and LST.

Date PA PP PLSI PD PT PG PW PI PS

15 May 2015 −0.47 ** −0.65 ** −0.27 ** 0.68 ** 0.12 0.40 ** −0.67 ** 0.39 ** −0.03
13 June 2014 −0.43 ** −0.63 ** −0.30 * 0.71 ** 0.03 0.42 ** −0.59 ** 0.37 ** −0.02
31 July 2014 −0.52 ** −0.67 ** −0.22 0.70 ** 0.07 0.37 ** −0.57 ** 0.37 ** −0.08

5 August 2016 −0.50 ** −0.69 ** −0.24 0.69 ** 0.22 0.35 ** −0.51 ** 0.36 ** −0.12
17 September 2014 −0.48 ** −0.62 ** −0.25 * 0.63 ** −0.04 0.45 ** −0.52 ** 0.29 * −0.02

3 October 2014 −0.41 ** −0.49 ** −0.15 0.46 ** −0.19 0.36 ** −0.21 0.19 −0.01

* Correlation is significant at the 0.05 level (2-tailed); ** correlation is significant at the 0.01 level (2-tailed).

3.4. PCI Characteristics

3.4.1. Monthly PCI Variations

Figure 6 shows the monthly mean and standard deviation of LPCI for all urban parks from May
to October. In June, July, and August, mean values of LPCI were above 3.50 ◦C and significantly higher
than in other months. The mean LPCI values in May, September, and October were 2.71 ◦C, 1.93 ◦C,
and 1.10 ◦C, respectively.

Previous studies have shown that park size significantly influences the LPCI [10,16]. As a result,
the urban parks in this study were classified into six size classes (Figure 7). The LPCI intensity
increases with urban park size on all of the dates except 3 October 2014. In June, July, and August, low
temperatures were observed in parks with areas greater than 10 ha, and the LPCI values of these parks
were greater than 4.0 ◦C. However, the LST contrast was relatively small during May and September
in most parks. The LPCI of the largest park was less than 1.5 ◦C in October when the LST of the whole
area was low. In October, park size had little influence on LPCL. The LPCI values of the largest parks
(>200 ha) were the highest on all dates and the intensity was greater than 6.0 ◦C during the hot summer
months. The LPCI was much lower in small parks throughout the study period. However, these parks
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showed the largest standard deviations of LPCI values, suggesting that the surrounding environment
easily affects the small parks in the study area. To summarize, the cooling effect of urban parks was
pronounced in larger parks during the hotter months.Remote Sens. 2017, 9, 1066  9 of 17 
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3.4.2. The Cooling Effect Extent

The extent of PCIs were estimated by calculating the LST changes in the buffer zones (60 m
intervals) surrounding the urban parks (Figure 8). Overall, LSTs were lower inside parks than in their
associated buffer zones and gradually increased with the distance from the park. The trend in LST can
be divided into three stages. First, LST increased sharply with distance from the park. Second, the
rate of LST increase slowed to a point at which the influence of urban parks diminished. Third, the
LST showed little change and even decreased, especially in the buffer zones of small parks. For all of
the parks throughout the study duration, the rate of LST increase was highest during the first 60 m
form the park edge, averaging 0.037 ◦C/m, 0.050 ◦C/m, 0.048 ◦C/m, 0.045 ◦C/m, 0.026 ◦C/m, and
0.014 ◦C/m for May, June, July, August, September, and October, respectively.

The results showed that park size had an influence on the EPCI. Overall, the cooling influence of
larger parks extended a greater distance compared with small parks. For park sizes of larger than 30 ha,
size was not the primary factor affecting the EPCI. Additionally, EPCI showed monthly variations,
with greater cooling distances in June, July, and August. The EPCI of parks larger than 30 ha was
approximately 480 m during these three months. In October, the EPCI of these parks was 240 m, with
the exception of parks over 200 ha, which had an average EPCI of 360 m. For parks smaller than 10 ha,
the mean EPCI was approximately 120 m for all the dates, similar to previous studies [41].
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3.4.3. The Effects of Land Use and Landscape Metrics on PCIs

Both park land use and park landscape metrics potentially influence PCI formation.
Multiple regression analyses were performed between the LPCI and park characteristics, and the
standardized coefficients of these models indicate the relative contribution (importance) of each
independent variable.

The results showed that the value (standardized coefficients) of each park characteristic differed
significantly (Table 6). In May, June, and July, the significant independent variables included PG, PW,
and PD. In August, PW and PD were significant. Only PD was significant in September and there
were no significant variables in October. The percentage of tree area was not included in these models.
LPCI was positively correlated with PW from May to August, implying that a higher percentage of
water increases the LPCI and that PW was the only variable that influenced the LPCI. Conversely,
LPCI was negatively correlated with PG from May to July. Finally, a significant negative relationship
was found between LPCI and PD, but the effect of PD on LPCI was less important than that of PG.
The influence of other factors including PI, PS, and PLSI, on LPCI were not significant throughout the
study duration.

Table 6. Multiple linear regressions of PCI intensity and characteristics of parks (n = 66).

Date 5 May 2015 13 June 2014 31 July 2014 5 August 2016 17 September 2014 3 October 2014

Variables Value Sig. Value Sig. Value Sig. Value Sig. Value Sig. Value Sig.

Intercept 3.911 0.004 6.165 0.000 5.64 0.000 6.26 0.000 3.28 0.003 2.77 0.006
PG −0.314 0.008 −0.362 0.001 −0.307 0.008 −0.216 0.091 −0.256 0.064 −0.269 0.066
PW 0.369 0.002 0.331 0.003 0.430 0.000 0.337 0.008 0.192 0.151 −0.276 0.053
PI −0.004 0.968 −0.015 0.883 −0.018 0.862 0.020 0.864 −0.030 0.814 −0.103 0.448
PS −0.110 0.284 −0.105 0.284 −0.081 0.421 −0.041 0.721 −0.156 0.205 −0.259 0.051
PD −0.285 0.012 −0.354 0.001 −0.262 0.019 −0.343 0.007 −0.264 0.049 −0.133 0.342

PLSI 0.004 0.971 −0.024 0.821 −0.048 0.660 −0.094 0.445 −0.047 0.721 −0.094 0.506
R2 0.48 0.54 0.50 0.37 0.27 0.17
Std.

error 1.10 1.24 1.25 1.27 0.90 0.80
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4. Discussion

4.1. Urban Park LST and Impact Factors

Parks with lower LSTs tend to produce stronger PCI without regard to the surrounding
environment and could reduce the negative effects of UHI. Theoretically, the LST is a function of the
material composition and the energy received from the sun [23]. As a result, both the urban park
characteristics and the date of measurement could have an important influence on park LSTs. Our
results indicated that the park LST depended on the park size, perimeter, shape, and patch density,
as well as the percent area of water, grass, and impervious surfaces in parks. These results generally
agree with previous studies [11,16].

The park size and perimeter significantly affected the LST of all parks throughout the study period,
particularly from June to August when the air temperatures were the highest. The parks consisted
primarily of land use classifications that induce cooling, including vegetation and water bodies; the
area of buildings and soil only comprise a small area. Therefore, parks with larger areas and perimeters
had low LSTs. The effect of the percentage of tree area in parks on the LST was not significant in our
study, although many studies have shown that the area of urban green space significantly decreases
the LST [50,52]. In this study, most parks had water bodies that significantly reduced the LST, and
this cooling effect may have reduced the effect of park trees. However, if the area of trees and water
bodies are considered a single variable, there is a clear negative correlation between this variable and
LST [43]. The park soil did not significantly affect LST due to a limited amount of soil land area in the
parks studied.

Both the percent area of grass and impervious surfaces showed positive relationships with park
LST on all dates except for 3 October 2014, indicating that park LST should increase with corresponding
increases in both of these variables. Impervious surfaces, made up of chemical materials that store
short-wave radiation, will increase the LST. However, the heating effect of grass found in this study
was consistent with previous studies [16]. It seemed that the different growth conditions of grass
significantly affect LST. As landscape metrics, compared to PLSI, the positive relationship between
patch density and LST was much stronger. High patch density indicates that the park is divided into
many small parts, which results in higher LSTs.

4.2. The Relationships between the PCI and Impact Factors

The results from this study verified that urban parks have cooling island effects (except for during
the winter) and that PCI intensity varies considerably by month, similar to the cooling effect of urban
green spaces [10,30,43]. The PCI effect was strong during the warm months. Although the urban parks
still have PCIs during cool periods, the PCI effect in this study was insignificant as the temperature of
urban area was low. The strongest PCI intensity (6.26 ◦C) was found in parks with areas greater than
200 ha on 31 July 2014. The TIR images were acquired at approximately 10:21 am local time, which
was not the hottest time during the day, and therefore, the PCI effect may be even larger during the
warmest parts of the day.

The urban park cooling effect can be influenced by many factors that can be classified into two
categories: urban park characteristics and external impactors (e.g., distance to the park, surrounding
land use pattern, and topography) [11,28]. Similar to the relationships between urban park features
and LST, the park size, park perimeter, and park water bodies were all positively correlated with
the PCI, consistent with previous studies [32,53,54]. Figure 9 shows the regression models of the
relationships between urban park features and PCIs on 31 July 2014, which was the hottest period
for Changchun city according to the local meteorological records. Figures 7 and 8 indicate that larger
parks generally had stronger PCI intensities and greater extents of cooling effects than smaller parks.
Figure 9 indicates that the relationship between park size and PCIs is not linear, a result which agrees
with previous studies [16]. Additionally, the results showed a threshold park size of 80 ha over which
the PCI effect did not sharply increase.
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Figure 7 also shows the large standard deviations of small park PCIs, indicating that the small
park PCIs were easily affected by the surrounding environment. In addition, the PCIs of parks with
similar characteristics (e.g., park size and land use) differ considerable solely due to location. As a
result, regardless of the park features, 6 regression models were constructed to explore the effect of the
mean LSTs of the 600-m buffer zones on PCI (Figure 10). Moreover, the relationships between PCIs
and the surrounding LSTs were significant on all dates, providing evidence that the PCI effect was
stronger in hotter regions, independent of park features.Remote Sens. 2017, 9, 1066  14 of 17 
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4.3. Implication for Urban Park Planning

Urban parks planning is of vital importance to regulating urban area microclimates [10,15,55].
There are two main considerations in urban park planning: location and park characteristics. Based on
the results from this study and only considering the thermal environment, parks should be placed
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in the hottest areas of the city because PCI effects will be stronger, regardless of park size. Although
both the park shape and the patch density influence the PCI effect, these metrics should be considered
secondary to park size and land use. When considering park land use, the total area of trees and
water bodies should be prioritized, as these features contribute the most to decreasing temperatures.
Although, according to this study, increasing the area of grass will increase park temperature, grass
provides beneficial services. For example, grassy areas supply open space for residents to perform
outdoor activities. Creation of large urban parks with many trees and bodies of water optimizes the
associated cooling effects.

4.4. Limitations and Future Research

Despite the positive results, there are some limitations to this study. Due to the sparse temporal
resolution of thermal infrared images, only one image was used to represent each month. In addition,
only day-time data were collected, and information concerning the night-time hours is necessary for
a more comprehensive understanding of the mechanism behind the cooling effect. Although other
parks were excluded from the buffer zones, other urban green spaces, such as road forests, may affect
the PCI calculations. Thus, in future studies, it is better to combine remote sensing data with good
synchronicity and in-situ observation with high temporal resolution to examine the cooling effect of
urban parks in a more detailed way. Finally, other factors, such as wind speed, wind direction, and
anthropogenic activities, may influence the cooling effect and should be a focus of future research.

5. Conclusions

A better understanding of the urban park cooling effect is vitally important in mitigating the
negative influences of UHI. Taking Changchun, China, a snow climate city as a case study, the current
study investigates the monthly variations of the urban park cooling island effect and its relationship to
urban park characteristics using quantitative methods based on Landsat 8 TIR and GF-2 images. The
main results are as follows:

(1) The urban parks showed a cooling island effect, which varied significantly by month. The
mean park cooling island intensity was approximately 4.0 ◦C between June and August, and 2.71 ◦C,
1.93 ◦C, and 1.10 ◦C for May, September, and October, respectively. The strongest PCI (6.26 ◦C) was
observed in parks with 200 ha areas or greater in July, which was also the hottest month during
the year.

(2) Urban park characteristics affected PCIs considerably. PCIs showed positive relationships with
park size, park perimeter, and the percent water area. PCIs also had negative relationships with patch
density and area of impervious surfaces. Unexpectedly, the percent area of grass showed a positive
relationship with park LST.

(3) Large urban parks tend to have greater PCI extents than small parks. For parks larger than
30 ha, the cooling effect extended approximately 480 m from the park edges between June and August.
PCI extent was greatly reduced during the other months when temperatures were relatively low.

In urban park planning, park size and the total area of trees and water merit consideration due to
their significant influence on the cooling effect. We hope the results of this study will provide insights
for the sustainable developments of cities.
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