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Abstract

:

The Urban Heat Island (UHI) effect has been extensively studied as a global issue. The urbanization process has been proved to be the main reason for this phenomenon. Over the past 20 years, the built-up area of Zhengzhou city has grown five times larger, and the UHI effect has become increasingly pressing for the city’s inhabitants. Therefore, mitigating the UHI effect is an important research focus of the expanding capital city of the Henan province. In this study, the Landsat 8 image of July 2019 was selected from Landsat collection to obtain Land Surface Temperature (LST) by using Radiative Transfer Equation (RTE) method, and present land cover information by using spectral indices. Additionally, high-resolution Google Earth images were used to select 123 parks, grouped in five categories, to explore the impact factors on park cooling effect. Park Cooling Intensity (PCI) has been chosen as an indicator of the park cooling effect which will quantify its relation to park patch metrics. The results show that: (1) Among the five studied park types, the theme park category has the largest cooling effect while the linear park category has the lowest cooling effect; (2) The mean park LST and PCI of the samples are positively correlated with the Fractional Vegetation Cover (FVC) and with Normalized Difference Water Index (NDWI), but these are negatively correlated with the Normalized Difference Impervious Surface Index (NDISI). We can suppose that the increase of vegetation cover rate within water areas as well as the decrease of impervious surface in landscape planning and design will make future parks colder. (3) There is a correlation between the PCI and the park characteristics. The UHI effect could be mitigated by increasing of park size and reducing park fractal dimension (Frac_Dim) and perimeter-area ratio (Patario). (4) The PCI is influenced by the park itself and its surrounding area. These results will provide an important reference for future urban planning and urban park design to mitigate the urban heat island effect.
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1. Introduction


The Urban Heat Island (UHI) problem has been studied for more than 200 years since it was discovered in 1818 [1]. It refers to the phenomenon that the temperature of urban areas is higher than the temperature of its surrounding area [2,3,4]. The main reason for this phenomenon is the process of urbanization, as the vegetation is replaced with the built-up area during urban development [5]. This process leads to changes in the physical properties of the surface structure which modifies the thermal environment of urban areas. At present, urbanization is a major driving force within developing countries and their rapid urban growth towards becoming a developed nation. Taking China as an example, according to the National Bureau of Statistics of China, the urbanization rate in China was 59.58% in 2018. This number is 12.58% higher than in 2008. This high-speed urbanization had led to widespread UHI problems in China [6]. With this rapid increase in urbanization has come an increase in energy consumption, with individuals attempting to reduce these adverse temperature effects (e.g., air conditioning, private vehicle usage). As a consequence, higher energy consumption based on coal power plants may result in air pollution, water pollution, and additional climate changes. More specifically, UHI compromised the health and life quality of citizens [7].



Generally speaking, UHI can be measured by two methods: one of them is Surface UHI (SUHI); the other one is atmospheric UHI. Atmospheric UHI is defined into two different types: canopy layer UHI and boundary layer UHI [8,9]. From studies on the UHI effect, SUHI is widely used to characterize the UHI effect in the case of regional or urban studies. Due to the development of remote sensing technology, a high number of studies used satellite imagery to derive land surface temperature (LST) [6,10,11,12]. Concerning the investigation of UHI characteristics and changes in large-scale, these studies mainly focus on: (1) The spatial distribution of UHI; (2) the methods of satellite image inversion; (3) the relationship between land use land cover (LULC) and LST [13]. Furthermore, landscape pattern analysis in a regional scale was also proved to be a proper method in UHI research [14].



However, in small-scale UHI studies, the UHI is mainly characterized by the actual measured air temperature [15,16,17]. These kinds of studies mainly focused on the temperature difference between the green space and other land types, and the method of characterizing UHI intensity. In addition, some studies add microclimate factors and use the Local Climate Zone (LCZ) factors [3,18] to investigate UHI. These microclimate conditions such as wind speed, wind direction, humidity, solar light intensity, surface reflectance and other localized effects on temperature [19,20,21]. Those studies showed that the green space cools the air due to the transpiration of the plants, which contributes to low UHI. In addition, local wind speed and wind direction also modify air temperature. The higher the surface albedo, the lower the temperature is found to be [22]. Besides the complexity of local climate and related environmental conditions the measurement of air temperature is limited by the monitoring system, including pieces of equipment, experts, method and such factors. The accuracy of data collection is always a key factor and it is almost impossible to conduct ideal UHI research on a wide range of space-time scales. These data sources are however very useful in understanding the generalized sources of data studied.



In the studies of Urban Cold Island (UCI) effects and UHI mitigation [23,24], two methods were used to quantify the cooling effect of green space and park areas. These are called Green space Cooling Intensity (GCI) and Park Cooling Intensity (PCI) [25,26]. GCI is defined as the temperature difference between green space and the average temperature of the whole study area. While the PCI usually determined as the temperature difference between the inside park area and its outside within a 500 m buffer area [27,28]. These two methods are used to describe the cooling effect of green spaces and parks. Studies also show that vegetation coverage has a significant effect on the reduction of UHI [10,29,30]. On top of this, the impervious surface area is positively correlated with LST and contributes the most to UHI [10,31,32]. Some studies use landscape factors to analyze the UCI and GCI on mitigating the UHI effect [33,34,35]. The parameters include shape index (Shape_ldx), fractal dimension (Frac_Dim) and landscape connectivity. One research study focused on the role of green space in reducing the UHI effect. This study looked at the distance changes of the green space cooling effect in relation to the characteristics of green space bodies with regards to size, perimeter, shape index, fractal demission, and UHI. The results of these studies showed that the cooling effect of green space is complex [25,26,27]. PCI related studies mostly used remote sensing imagery as base data. According to a study based partly on surrounding vegetation, water body and impervious surface [26], the cooling effect of parks is also depending on types of outside the park spaces. The air temperature is also employed to examine the cooling effect of parks on UHI [36,37]. It is also noted that the patch and pattern of a park has a relationship to the cooling effects that it has on the UHI it forms part of. Some researches employ the thermal conduct theory, a physical science methodology, to investigate the heat balance (between park and its surrounding area) when studying the urban thermal environment [38,39,40], this method of study can assist in providing a methodical approach to understanding the cooling effect of park.



At present, cities have grown exponentially. The actual scale and speed of China’s overall urbanization process has never seen before in modern urban development. Super-large cities and megacities have become commonplace in China’s inland areas. These big cities result in urban environment problems like UHI, For example, In Zhengzhou city, Studies showed that from 1996 to 2014, the average LST increased by 2.94 °C in Zhengzhou city [41], and the UHI change was positively correlated with land cover changes over this period. It has also been proven that the increase of the built-up urban areas [42] showed a negative correlation with the vegetation cover rate in Zhengzhou. UHI studies in the city of Zhengzhou analyzed many factors, but these neglected to focus on green space categories types while also not using large enough sample sizes.



In this paper, we selected the latest cloud-free satellite image acquired on 07 July 2019 as base data to focus on the UHI effect characteristics in the megacity of Zhengzhou. Choosing 123 parks as samples identified though high-resolution Google Earth images, we investigated the cooling effect characteristics of the chosen parks. The cooling intensity and park buffer sizes were studied, and the correlation between the park patch metrics and the cooling intensity was explored. We aimed to: (1) Analyze the PCI differences among five park types; (2) analyze the park LST and its relation to vegetation, water surface area and impervious surface factors; (3) analyze park LST and its relation to park patch indices; (4) analyze PCI and its relation to park patch indices and impact factors of park surrounding areas. As a whole, this research was conducted to analyze the relationship between park cooling effect and its related impact factors, to understand UHI characteristics in Zhengzhou. The intention of this analyses understanding is to give guidance for stakeholders, as well as to the developers of urban planning strategies to address UHI.




2. Study Area


Zhengzhou (34°16ʹ–34°58ʹN, 112°42ʹ–114°14ʹE) is the capital city of Henan Province in Central China. It is south of the North China Plain and the Yellow River (Figure 1). It is one of the largest transportation hubs in China. The population of the city was approximately 9.56 million, according to the 2017 census [43]. The population density is the second highest in China. Zhengzhou lies in the north warm-temperate zone, characterized by a warm climate, because of this it has four distinct seasons, characterized by a dry spring (March–May), and a hot and rainy summer (June–September).



Urbanization was taken place at a rapid rate in the past few decades in Zhengzhou city. This makes it an ideal sample city to understand the problems which are seen across urbanized cities across the world. Population growth and government level development policy is the main driver for the dramatic urban expansion. For example, the population of Zhengzhou increased from 4.2 Million in 1978 to 9.9 million in 2017, which means more than 100% growth in 40 years [44]. At the same time, Zhengzhou was designated as the core city of “Central Plain Economic Zone” and “Central Plains Urban Agglomeration.” In 2016, Zhengzhou was officially named as the eighth “National Central City” in 2017 by the central government in China. This state-level policy provides a significant number of opportunities for the development of Zhengzhou.




3. Data Sources and Methods


3.1. Data Used


In this work, one satellite image from USGS (earthexplorer.usgs.gov; Table 1) was used to extract Land Surface Temperature (LST) in Zhengzhou city. The Landsat 8 image was selected from a collection of summer images obtained between May and September in an attempt best considering the LCZ of the study area. It is cloud-free and has high quality with a resolution up to 30 meters. In conjunction with the satellite image, we also employed additional base maps obtained from high-resolution Google Earth images, low altitude UAV images, and the official urban land use map of Zhengzhou city.




3.2. Retrieval of LST and the Average LST Calculation


The radiative transfer equation (RTE) method of land surface temperature (LST) has been widely recognized and generally divided into five steps [45,46,47,48]:




	(1)

	
Conversion to Spectral Radiance [49];




	(2)

	
Conversion to top of Atmosphere Radiance [49];




	(3)

	
Conversion to Top of Atmosphere Brightness Temperature [49];




	(4)

	
Calculation of Proportion of Vegetation [50];




	(5)

	
Estimation of estimate land surface emissivity (LSE) [48];




	(6)

	
Retrieval of land surface temperature (LST).










3.3. Sample Selection


Based on the classification applied in Chinese urban planning regulations and the distribution of parks in Zhengzhou city, this paper selected five functional types of parks, 123 (one hundred and twenty three) parks in total as study sites (Table 2). The parks boundaries were determined based on high-resolution Google Earth images and low-altitude UAV (drone) images. As the original spatial resolution of the Landsat thermal infrared band is 100 m, we selected sample parks larger than 2 hectares.




3.4. Determination of the Park Cooling Intensity (PCI)


Park Cooling Intensity (PCI) usually calculates the temperature difference between the inside and outside of the park [28,51,52]. It can be air temperature or land surface temperature. In this study, the PCI (units in °C) was defined as the mean LST difference. Equation (1):


PCI = ∆T = Tu − Tp



(1)




where Tu is the mean LST of an urban area of the 500m buffer zone outside of the park, and Tp is the mean LST inside the park. The buffer zone includes the area around the park, which contains different land cover types: Buildings, roads, impervious surfaces, trees, and green spaces.




3.5. Patch Descriptors of the Park


In this paper, several indicators were applied to characterize the impact factors on PCI (Table 3). By using the ArcGIS 10.2 tools, we calculated fractal dimension (Frac_Dim), perimeter-area ratio (Patario) and shape index (Shape_ldx) in patch level. From the previous studies, those three indicators were used as the main patch metrics, and had been widely employed to analyze landscape patterns, both in class level and patch level [33,34,35]. These initial base studies were successful in demonstrating the characteristics of landscape patterns both in regional and local scale [53]. Here we investigated the relation of these indicators to park cooling effect in sample areas of Zhengzhou city. Low fractal dimension is described as simple, non-waving, straight boundaries, high fractal dimension means waving edges of park and surroundings.



In addition to the three indicators, we also used three indices to classify the satellite image of the study area (Table 4), which have been successfully proven by other researchers. The three indicators are Normalized Difference Water Index (NDWI) [55], Fractional Vegetation Cover (FVC) [56] and Normalized Difference Impervious Surface Index (NDISI) [57]. These indices can represent the surface coverage condition inside of the park.




3.6. Analysis Methods


Statistical analysis was performed by SPSS 25.0 and Microsoft Excel. After retrieval of the LST, FVC, NDWI, NDISI values from the satellite image, QGIS was used to obtain summarized values of each sample area. Then SPSS was applied to conduct the linear regression analysis to quantify the relationship among LST, FVC, NDWI, NDISI, and PCI. For the park patch metrics calculation, we used the ArcGIS spatial analysis method to obtain the following parameters of each sample park: area, paratio, shape index and fractal dimension. The same linear regression analysis was made to PCI and LST. Additionally, the related coefficient was also utilized to detect and verify the result.



For the regression analyses, first, we use Pearson correlation analysis to obtain the main significant impact factors, and then analyze the regression relationship between the two factors in a targeted manner to find the optimal curve fitting model. The final presented fitting model (Figures 3–6) is the best explanation of the relationship between specific factors within the selected sample park.





4. Results


4.1. Relation between Park Types, LST and PCI


Following the method in Section 3.2, the LST map based on the 07 July 2019 satellite image was derived (Figure 2a). Generally, the mean LST of the parks was lower than the mean LST of Zhengzhou city. We analyzed the PCI of all the selected samples by comparing the five park types (Table 2), and results show that the PCI of five park types were different (Table 5): The average temperature of the theme park category is 30.01 °C; noticeably it is 2.14 °C lower than the average temperature of Zhengzhou city. Its cooling effect is the strongest, where the average PCI reached 2.76 °C. The urban squares had the highest temperature, with an average LST of 32.13 °C, which is still 0.02 °C lower than the average LST in Zhengzhou.



The result (Table 5) showed that PCI of the theme park category was the largest, this is related to the content of the theme park. Linear parks had the lowest cooling effect; the PCI value was only 0.64 °C. Meanwhile, the cooling effect of the street park category is also at a comparatively low level, with its PCI only 0.16 °C higher than the PCI of the street park group. The PCI of the urban square category was in the middle, it reached 1.44 °C, but its average LST was the hottest among the five types. So based on the results, we can conclude that theme parks have the most substantial cooling effect in Zhengzhou city, while the linear park category contributes with a less cooling effect.




4.2. Relation between Park LST and Its Impact Factor


First, we analyzed the relation between park LST and the spectral indices inside the park. The results showed that the mean park LST was significantly related to the FVC, the NDISI, and the NDWI (Figure 3). The cooling effect of the park is directly proportional to the park’s vegetation percentage (R2 = 0.489), indicating that more vegetation cover makes parks cooler (Figure 3c). For example, Xiongerhe park’s FVC has one of the highest values (0.408), while the mean temperature is the lowest (28.06 °C). Moreover, the average PCI of Xiongerhe shows it is much colder (2.18 °C) than its surrounding area. The results showed that the NDWI plays a negative role in park LST (Figure 3b), indicating that the NDWI value strengthens the cooling effect of the park. On the contrary, the NDISI has a relatively positive effect on park LST. From the regression model between LST and NDISI, the coefficient of determination (R2) reached 0.926 (Figure 3c), revealing that the impervious surfaces have a significant impact on park temperature. The impervious surface is the main contributor to warm conditions of parks. We can conclude that water and vegetation have a positive impact on park cooling roles in Zhengzhou while the impervious surface increases the park warmth.



Secondly, we analyzed the relation between park LST and park characteristics (patch metrics). The result of the analysis shows that patch metrics have relations to park LST. From Figure 4, park size is negatively correlated with the mean park LST (Figure 4a, R2 = 0.308), which means the park size is one of the main factors of LST. We can see from the Figure 4a, if the park size was larger than 40 ha, the average LST was below 31 ℃, and the average LST appeared in a wide temperature range among the parks with size below 20 ha. Fractal dimension (Frac_Dim) and perimeter area ratio (Paratio) show a positive correlation with the park LST, and the coefficient of determination R2 is 0.191, 0.280. This indicates that these two factors also have an impact on LST. The shape index has no significant correlation with park LST (Figure 4d). For example, the park with a maximum shape index (2.13) has the same LST (28.80 °C) as parks with the lowest shape index (1.21) (Figure 4e). From the results, we can conclude that the park size and perimeter-area ratio play a more critical role than other patch metrics in the sample parks of Zhengzhou city.




4.3. Relation between PCI and Its Impact Factor


First, we analyzed the relation between PCI and the spectral indices inside the park. The results of correlation with PCI are shown in Figure 5. We found that FVC has a positive effect on PCI: the more FVC we have, the higher PCI appears. However, the coefficient of determination R2 is only 0.237. This means that PCI only partly depends on vegetation cover. Figure 5b indicates that higher NDWI contributes to higher PCI, this quadratic regression analysis coefficient of determination (R2) is 0.433. Among the three factors, the NDISI has the strongest relationship with PCI (Figure 5c), the coefficient (R2) is 0.618, which means the impervious surface has a significant influence on PCI. So, from the park spectral indices results, we can recognize the park vegetation and water percentage play a decisive role in PCI, while the high impervious surface reduces the cooling effect of parks.



Secondly, we analyzed the relation between PCI and park characteristics (patch metrics). PCI has a complex correlation with park patch metrics (Figure 6). Among the four analysis results, the size, fractal dimension (Frac_Dim), and perimeter area ratio (Paratio) regression coefficient of determination R2 is 0.321, 0.355, 0.439, respectively (Figure 6a–c) which means those three factors contribute to the PCI in general. While the shape index showed no significant correlation, as its linear model R2 is 0.089 (Figure 6d). Park shape index does not contribute to PCI among the selected sample parks of Zhengzhou.



Thirdly, we investigated the relationship between PCI and the impact factor of the park surrounding area. In order to analyze the impact of PCI and the type of land cover around the parks, we selected 43 parks with similar mean LST (within the range of 29.0 °C–30.0 °C) from 123 samples (Figure 7). For external land cover types, we use spectral indicators: NDVI, NDWI, NDISI to measure vegetation, water coverage and impervious surfaces of the surroundings.



The linear regression analysis was used to analyze the PCI relationship with the three factors outside the parks. The results show (Figure 7) that in the case of parks within the LST range of 29–30 °C the type of land cover around the park has a significant impact on PCI. PCI has a negative correlation with surrounding vegetation and water bodies, and a positive correlation with impervious surfaces in cases we analyzed from elements within the same LST range (29–30 °C). This shows that PCI is not only affected by the internal factors of the park but also related to the surrounding environment.



In addition, we analyzed the location factor on PCI based on the city rings. Zhengzhou city has three rings defined by the urban ring road (Figure 2b), the first ring is the urban center area, which is denser than the other two. The parks in the first ring have the highest average PCI (Figure 8a), as the land cover types in the urban center are mostly commercial areas and built-up areas with tall buildings and impervious surfaces, which are warmer than other areas of the city. The third ring is the low-density urban area and is covered with more green spaces and mostly low-rise buildings. We recognized that PCI is also influenced by the location factor, which is partly in relation to the different land cover types of park surroundings.



The park type can be defined based on different surrounding types, for example, linear park is mostly located, and surrounded by road or river, the urban square is usually located in the high-density area. Due to this reason, the linear park and urban square show low PCI (Figure 8b). These results are mainly attributed to the different surrounding environments and land cover of different park types. So, we can conclude that PCI is also related to the surrounding land cover types.





5. Discussion


5.1. Impact Factors of PCI


The results of Section 4.1 show that park types can have a different impact on PCI. Among the five park types, the theme park category has the highest PCI, which reaches 2.76 °C. The reason is that the theme park has higher vegetation cover and higher water surface coverage than other types. For instance, Zhengzhou Botanical Garden, where the mean FVC, NDWI, NDISI is 0.40, 0.16, 0.19, respectively. More specifically, the vegetation coverage is higher than 50%, and the diversity of species is high as well, as its primary function is science education for citizens. The linear park category has the weakest PCI. This may be because the linear parks (Figure 2c, 4-linear park) are mostly riverside green spaces, or very close to the water surface (e.g., Riverside Park). In case of linear parks in Zhengzhou, there is small LST difference between the park and its neighboring water surfaces. Therefore, the linear park type’s average PCI of is the lowest.



For the results of PCI and its impact factors, we have similar conclusions. The FVC, NDWI, NDISI regression coefficient of determination (R2) are 0.237, 0.433, 0.618, respectively. This means the complex correlation between PCI and park characteristics cannot be represented only by those three factors. The park patch metrics (size, fractal dimension, perimeter-area ratio, and shape index) also could not determine alone the PCI variance. As we can recognize from Section 4.3 PCI is also related to the types of the surrounding areas (Figure 6, Figure 7 and Figure 8). High FVC and NDWI in surrounding areas make the buffer LST closer to the park internal LST, which results in low PCI. There is a positive effect between PCI and surrounding NDISI, related to the surrounding land cover types. As the result shown in Figure 8, the location factor and park type factor also effect PCI.



The cooling effect of the park can be explained from the perspective of thermal balance [39]. We can use the heat transfer theory (Bowen ratio) as an analogy to explain some of the results of this article. The Bowen ratio is the ratio of sensible heat flux to latent heat flux [60]. The surrounding areas are heat sources because the heat capacity of these is significantly smaller than the heat capacity of the parks. In heat conduction, the thermal power (sensible heat flux) absorbed by the parks from the surroundings should be equal to the excess energy resistance by photosynthesis and transpiration (latent heat flux), thus the heat conduction reaches balance. A larger green space means more energy is dissipated which results in more conducted thermal energy. Therefore, parks with large sizes, high vegetation coverage, and high water surface rate have greater energy resistance, which reduces Bowen ratio, and finally, result in higher PCI.



Furthermore, the heat conduction can also explain why parks with high Paratio and fractal dimension have lower PCI. High Paratio and fractal dimension mean that the park boundary is in a large contact surface (complex edges) with the surrounding heat sources, which is conducive to heat conduction and heat exchange. This causes temperature difference decreases, resulting in lower PCI. At the same time, this can also explain the relationship between PCI and surrounding land cover. The ambient temperature also affects the heat transfer. As a whole, to increase the cooling effect of the park, it is recommended to consider the factors of the park itself, improve the resistance to the thermal environment, and increase latent heating, so as to reduce the heat island.




5.2. Impact Factors of Park LST


The results of Section 4.2 reveal that high FVC, high NDWI will contribute to low park LST. Those findings are consistent with the results of the previous studies at the city level [57,59,61]. This is because the high rate of vegetation cover stores less solar energy and thus solar heat gain. The plants photosynthesis and transpiration absorb the heat during those processes [5]. Those altogether lead to lowering the park LST. In remote sensing technology, NDWI mostly represents the water body and the vegetation surface. This result also coincides with the findings in another study [62]. A recommendation for planning purposes would be to increase the vegetation and water body ratio to decrease the park LST. As NDISI had been used successfully in previous studies [57,63], we have used it to analyze the relationship of impervious surface to mean park LST. The results show that NDISI has a strong correlation with mean park LST. The reason is that the impervious surfaces have high thermal conductivity and low heat capacity [6], which lead to high LST. However, the impervious surface is an important part of park design, but we should optimize the surface rate within the design.



In terms of the results of park characteristics like the size, fractal dimension (Frac_Dim), perimeter-area ratio (Paratio), and shape index (Shape_ldx) in patch level have an impact on park LST, and those independent factors reflect the park morphology. From the results, we can recognize that large size, low Perimeter-Area ratio, and low fractal dimension decreases park LST.



Despite the practical findings in this article, we have some limitations to some extent. First, the data of satellite images have its limitation to interpret the surface thermal environment; because the temperature also relates to the microclimate factors such as wind speed and direction, humidity. The results in this paper can also be explained that park LST impact factors are the main reasons. Nevertheless, from the impact factors of park LST and PCI, the coefficient of determination (R2) are not high. For instance, the FVC and NDWI regression value to mean park LST are 0.489 and 0.446, and it can only reveal that vegetation cover and water surface can explain only less 50% of the mean park LST variance. But the NDISI indicators have a significant relation to park LST, as its regression coefficient is 0.926, which means the impervious surface is the most crucial factor that brings higher LST in Zhengzhou. The analysis results of park patch metrics (size, fractal dimension, perimeter-area ratio, and shape index) and their relationship to park LST is even more complicated. Moreover, previous studies showed that even the meteorological factors (wind speed, wind direction, humidity) could influence the PCI value when we use air temperature to evaluate park cooling effect [19,64,65]. In terms of future study on the park cooling effect, we should put those aspects into consideration.



In conclusion, in terms of the UHI effect mitigation, the results on park LST are more important for planners than the results of PCI. PCI is related to the factors both inside and outside the park, but the surrounding areas are far more difficult to modify or redesign. It is clear that for planners the better option is to reduce the park LST to increase the cooling effect and mitigate the UHI effect. A future research path can focus on the analysis of parameters (e.g., vegetation types, tree coverage, height of vegetation) within the park. In landscape design, it is necessary to investigate the cooling effects of various green space design examples. Further research can deal with the vegetation cover rate analysis within a green space to optimize design from UHI point of view at local scale.




5.3. Implications for Urban Planning and Landscape Design


According to the results we can give a reference to urban planning and landscape design in the future. The planner and designer can follow the recommendation:




	(1)

	
In urban planning and design: increase the number of theme park types in the city, increase the park size and number in a new town/district planning;




	(2)

	
In landscape design and renewal: increase the park size, plan more vegetation and water area in parks, as well as reduce the impervious surface. At the same time, in case we follow PCI aspect of decreasing UHI we could make the park shape less complex in site design with less curving boundaries and less waving edges (based on Frac_Dim), we can consider the options of lowering the perimeter area ratio of the park by designing compact layout (Figure 9). Of course, in urban planning and design there are many other aspects to be considered, such as existing ecological corridors, road network, residential areas, wind corridors, visual preferences;




	(3)

	
Add more parks (green spaces) in the area within high impervious surface ratio, in central urban area, represented by tall buildings and impervious surfaces of commercial and built-up areas. In addition, increase the park type of high cooling effect such as theme parks and urban parks in Zhengzhou.











6. Conclusions


This study used a comprehensive method to investigate the urban heat island phenomenon of Zhengzhou city in China. Using the radiative transfer equation (RTE) method to retrieve the LST and we analyzed the relation of particular factors to park LST and park cooling effect. The results of this paper give a reference to characterize the complex correlation between UHI and other factors in the expanding capital city of Henan province in China. The practical results can imply urban planners and stakeholders by providing scientific guidance for future urbanization and urban management. First, the results showed that parks have a cooling effect in the city, the mean LST of the park is 0.79 °C lower than in the city. Different park types have different cooling intensity. The theme park category in Zhengzhou has the highest cooling intensity with the PCI reaching 2.76 °C. The cooling intensity of the street park and linear parks is lower; with the PCI only reaching 0. 8 °C and 0.64 °C, respectively. From the results of the park cooling effect analysis and its internal characteristics, we can recognize that the park LST depends mainly on the vegetation cover, waterbody and impervious surfaces in the park. Vegetation and water surface are the main factors of the park’s cooling effect in Zhengzhou, but the impervious surface increases park LST. The study also shows a different linear correlation between the park LST and park patch metrics of Zhengzhou city. Park size and fractal dimension, perimeter area ratio affect park LST, while other geometric indicators such as shape index have no significant relation to the LST. Thus, we recommend for planners to maximize the park size and minimize perimeter area ratio to reduce the UHI effect.



The PCI is influenced by the park itself and its surrounding area:




	(1)

	
The characteristics of the park defined by its size, perimeter area ratio and fractal dimensions all affect the PCI directly. Because of these defining factors, there seems to be a positive correlation with FVC and NDWI, while NDISI has a negative impact on the PCI;




	(2)

	
The PCI is influenced by the surrounding land cover types coupled with the type of vegetation cover and water coverage. Because of these surrounding influences, the PCI has a directly proportional relationship to the surrounding impervious surface cover. A park’s PCI has many factors to consider when understanding its mitigating effects on the UHI of its surrounding context. By first considering the factors that influence a park’s temperature, we can start to change the cooling properties which help mitigate the UHI effects seen throughout cities.









We recommend additional planning consideration and construction of more parks in built-up urban areas among tall buildings and within large areas of impervious surfaces. Park types, such as theme parks and larger urban parks, should be considered with higher priority than above other park types.



Urban parks play an important role in the urban ecological environment. Targeted research on the cooling effect of parks has practical significance in urban planning and design. Parks with stronger cooling effects can help to reduce the adverse impacts of UHI problems. This study can provide a reference for urban planners and landscape architects as well as stakeholders and decision-makers.
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Figure 1. Location of the study area Zhengzhou, Henan province in China and 123 park samples in Zhengzhou. 
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Figure 2. (a) LST map of Zhengzhou city in 07 July 2019; (b) Distribution of 123 parks samples; (c) Five park type examples: 1-urban park; 2-theme park; 3-street park; 4-linear park; 5-urban square. 
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Figure 3. Regression analysis among mean park LST and, (a) FVC, (b) NDWI, (c) NDISI. 
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Figure 4. Regression analysis among mean park LST and park characteristics: (a) Size; (b) Frac_Dim; (c) Paratio; (d) Shape_Idx; (e) Three selected park examples. 
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Figure 5. Regression analysis of park PCI and (a) mean FVC; (b) mean NDWI; (c) mean NDISI. 
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Figure 6. Regression analysis among PCI and mean park characteristics: (a) Size; (b) Frac_Dim; (c) Paratio; (d) Shape_Indix. 
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Figure 7. Regression analysis between the PCI and the impact factor of park surrounding area (500m buffer). (a) surrounding FVC; (b) surrounding NDWI; (c) surrounding NDISI, park type: LST range (29–30 °C) based selection of 43 parks: 1-urban park; 2-theme park; 3-street park; 4-linear park. 
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Figure 8. Analysis between PCI and location factor and park types (all 123 samples). (a) PCI and park location in three city rings; (b) PCI and five park types: 1-urban park; 2-theme park; 3-street park; 4-linear park; 5-urban square. 
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Figure 9. Comparison of PCI with different fractal dimensions (Frac_Dim) and perimeter area ratios (Paratio). Typical park shapes with higher Frac_Dim and Paratio values (a,b,e,f,) and typical shapes with lower Frac_Dim and Paratio values (c,d,g,h). 
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Table 1. Characteristics of the Landsat-8 OLI image used in this study.
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	Date
	Path/Row
	Band
	Wavelength (μm)
	Resolution (m)





	07 July 2019
	124/36
	Band 1—Ultra Blue
	0.435–0.451
	30



	
	
	Band 2—Blue (B)
	0.452–0.512
	30



	
	
	Band 3—Green (G)
	0.533–0.590
	30



	
	
	Band 4—Red (R)
	0.636–0.673
	30



	
	
	Band 5—Near Infrared (NIR)
	0.851–0.879
	30



	
	
	Band 6—Shortwave Infrared (SWIR) 1
	1.566–1.651
	30



	
	
	Band 7—Shortwave Infrared (SWIR) 2
	2.107–2.294
	30



	
	
	Band 10 *—Thermal Infrared (TIR)
	10.60–11.19
	100 * (30)







* Native resolution was 100 m, TIRS thermal constant of band 10: K1 = 774.89; K2 = 1321.08.
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Table 2. Statistics and details of 123 sample parks by types.
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	Types
	Number
	Percentage
	Maximal Area (ha)
	Minimal Area (ha)
	Main Example





	Urban Park
	59
	48%
	87.16
	3.12
	City park, District park



	Theme Park
	10
	8%
	108.53
	10.61
	Botanical garden, Zoo



	Street Park
	28
	23%
	25.26
	1.23
	Pocket park, community park.



	Linear Park
	19
	15%
	62.02
	2.13
	Riverside park, roadside park



	Urban Square
	7
	6%
	6.64
	2.15
	Square
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Table 3. Park metrics used in this study.
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	Name
	Equation
	Description





	Perimeter-Area Ratio *
	      Paratio  =   P i   A i     
	Pi = perimeter (m) of patch i. Ai = area (m2) of patch i.

Paratio equals the ratio of the patch perimeter (m) to area (m2) [54].



	Landscape Shape Index *
	      Shape  _ Idx =   0.25 P i     A i       
	Landscape shape index provides a standardized measure of total edge or edge density that adjusts for the size of the landscape [54].



	Fractal Dimension Index *
	      Frac  _ Dim =   2 ln  (  0.25 P i  )    l n A i         
	Fractal Dimension Index reflects the extent of shape complexity across a range of spatial scales [54].







Notes: * Source: FRAGSTATS: https://www.umass.edu/landeco/research/fragstats/documents/fragstats_documents.html.
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Table 4. Spectral indexes of Landsat image used in this study.
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	Name
	Equation
	Description





	NDWI
	      NDWI  =   N I R − S W I R   N I R + S W I R         
	Normalize Difference Water Index (NDWI) is a remote sensing based indicator sensitive to the open water surface and water content of leaves [55].



	NDVI
	      NDVI  =   N I R − R   N I R + R         
	Normalize Difference Vegetation Index (NDVI) is used o determine the density of green on a patch of land [10].



	FVC*
	      FVC    =   N D V I i − N D V I m i n   N D V I m a x − N D V I m i n         
	The Fractional Vegetation Cover (FVC) is mainly depicts the vegetation abundance of ground surface [58].



	MNDWI
	      MNDWI  =   G − S W I R   G + S W I R         
	Modified Normalize Difference Water Index (MNDWI) is an indicator used to determine the open water area [59].



	NDISI
	      NDISI  =   T I R −  [   (  M N D W I + N I R + S W I R  )  / 3  ]    T I R +  [   (  M N D W I + N I R + S W I R  )  / 3  ]      
	Normalize Difference Impervious Surface Index (NDISI) indicator is used to estimate impervious surface [57].







Notes: * Where NDVIi is NDVI value of a pixel i; NDVImin is minimum value; NDVImax is maximum value. R, G, NIR, SWIR, TIR, (Table 1).
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Table 5. Statistics of LST and average PCI in different park types.
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	Code
	Type
	Number
	Mean LST (°C)
	Max (°C)
	Min (°C)
	Average PCI (°C)





	1
	Urban park
	59
	30.43
	33.63
	27.63
	1.71



	2
	Theme park
	10
	30.01
	34.62
	25.97
	2.76



	3
	Street park
	28
	31.32
	37.80
	25.34
	0.8



	4
	Linear park
	19
	31.47
	35.42
	28.56
	0.64



	5
	Urban square
	7
	32.13
	33.90
	31.10
	1.44



	6
	Zhengzhou city
	-
	32.15
	46.09
	20.11
	-











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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