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Abstract


The effect of urbanization on the urban thermal environment (UTE) has attracted increasing research attention because its significant effects on local weather and climate, and serious consequences for people. However, systematic study of the relationship between urbanization and UTE has been undertaken only to a limited extent. Using quantitative thermal remote sensing and multi-buffer ring method and multiple spatial scales method, here we analyze Landsat TM/ETM+ images of Zhengzhou in Central China acquired on four different dates in 2017 to investigate the spatiotemporal variations, trends, and driving force in the land surface temperature (LST). Our results showed that LST generally increased with urbanization intensity. This trend was extremely obvious in spring and summer, weak in winter, and slightly downward in autumn. Moreover, PLAND (e.g., percentage of impervious surface in a landscape) has the most significant effect on urban LST, and generally increases as the spatial scale becomes larger. In conclusion, the study recommends that urban planning in Zhengzhou should prioritize PLAND, especially at large spatial scales. These results provide a scientific reference for urban planners who are committed to the sustainable development of Zhengzhou City.
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1. Introduction


With socio-economic development, urbanization has led to the gradual replacement of natural ground surfaces with impervious surfaces such as concrete, asphalt, and cement [1,2,3]. This massive shift in the Earth’s surface has resulted in a variety of extreme climate phenomena, one of which is the urban heat island(UHI) phenomenon that describes the temperature difference between urban and rural areas [4].The UHI effect not only changes global regional climate and urban atmospheric patterns, but also poses many problems for urban development and human habitation, such as triggering extreme urban weather events and accelerating the risk of heat-related deaths [5,6,7,8,9]. Against the backdrop of an irreversible global urbanization trend, with 790,000 km2 of global urban land in 2018, urban areas are expected to house 68% of the world’s population by 2050 [10]. China has also been undergoing a rapid urbanization process in recent decades, with an annual expansion rate and average annual growth rate of 1869.8 km2 and 4.8% of urban building land, respectively. It has become the world’s largest country in terms of artificial impervious areas after 2015 [11,12]. This phenomenon has created a serious UHI effect in Chinese cities [13].



Currently, the impact of urbanization on LST has received widespread attention, but research conclusions vary from city to city [14,15,16,17,18,19]. The spatial heterogeneity of the landscape, climatic characteristics, different analytical methods and data selection in each study area may be the reasons for the differences in urbanization impacts [20,21,22]. Therefore, it is necessary to further investigate the impact of urbanization on LST based on relevant urbanization models, background environment and other factors [8,23,24]. However, although there are many studies related to urbanization and LST, the focus has tended to be on the most developed regions or urban agglomerations in China [22,24,25,26]. Research on the impact of urbanization on LST has been neglected in middle China, such as Zhengzhou, the capital of Henan Province (a well-known agricultural center) and the largest city in the Central Plains Economic Region (CPER). Over the past few decades, Zhengzhou has experienced rapid urbanization. The population of Zhengzhou has increased from 4.2 million to 9.9 million from 1978 to 2017, an increase of more than 100% in 40 years [27]. Meanwhile, Zhengzhou was identified as the core city of the Central Plains City Cluster and was officially named the eighth national central city by the central government in 2016. Along with the rapid development, the average LST of Zhengzhou City increased by 2.94 °C from 1996 to 2014 [28]. In summary, Zhengzhou is an ideal sample to understand the relationship between urbanization and LST in central Chinese cities. In this sense, it is necessary to explore the impact and drivers of urbanization trends on urban LST in Zhengzhou.



Moreover, the optimal scale for the study is difficult to determine due to the different natural and socioeconomic conditions in different study areas. A study in Indianapolis showed that 90 m is the best spatial resolution to assess the relationship between the LULC and LST models [29]. Nevertheless, it has been pointed out that the multiple spatial scales method ignores physical distance within the city, which is another important indicator influencing the urban thermal environment [30]. Hence, this study used the multi-buffer ring method and multiple spatial scales method in this study to enhance the accuracy and validity of the study’s findings. In addition, most early studies on the UHI effect relied on meteorological observation methods to conduct experiments [31]. It is difficult to conduct comprehensive experiments on urban temperature due to the limited number and location of meteorological observation sites. With the rapid advancement of satellite technology in recent years, it has been widely used in the study of LST inversion by satellite images [31,32,33,34,35].



In summary, the specific objectives of this study were (1) to summarize the spatial and temporal characteristics of LST in Zhengzhou; (2) to explore the trends of LST with urbanization in Zhengzhou; and (3) to investigate the driving factors of the changing trends of LST in Zhengzhou.



In more detail, this study uses Landsat 8 and GF-2 satellite remote sensing images to quantify the relationship between urbanization and LST in Zhengzhou City from different spatial scales and different distance perspectives. Regression models were then used to identify the driving factors. The results of this study will help urban land developers and planners to standardize urban thermal environment planning and provide decision support for mitigating UHI effect.




2. Materials and Methods


2.1. Study Area


The study was conducted in Zhengzhou (112°42′–114°14′ E, 34°16′–34°58′ N) (Figure 1), which is the capital of Henan province and a typical Chinese megacity covering 7567 km2 and housing 12.74 million people [36]. It is dominated by a continental monsoon climate of the north temperate zone with the obvious variation of four seasons. The total annual rainfall averages 542.15 mm, and the annual average temperature of the cold winter is 2.15 °C. The hot summer’s annual average temperature is 25.9 °C. The total sunshine is 2400 h [37]. Over the years, the city has gradually become a densely populated and economically developed megacity in middle-China. However, the city’s urban thermal environment has worsened as a result of the obvious UHI phenomenon due to the rapid urbanization in Zhengzhou, which endangers city dwellers’ health and regional sustainable development. As a result, this study will focus on the central districts of Zhengzhou, including the five districts of Jinshui, Zhongyuan, Erqi, Guanzu, and Huiji.




2.2. Retrieving Land-Surface Temperature


The workflow steps of this study are shown in Figure 2. For the LST data, this study used Landsat-8 OLI/TIRS images with a spatial resolution of 30 m × 30 m that were obtained around 11 AM local time in 2017. Detailed image information is shown in Table 1. If no cloudless images were available in 2017, images from July 2015 or 2018 were used instead. Due to its superior higher than a single channel approach and the split-window algorithm [38]. LST was calculated from the Landsat-8 Thermal Infrared Sensor (TIRS)’s infrared band 10 (TIRS) using the classical radiative transfer equation (RTE).



First, the absolute radiation brightness of TIRS band 10 was converted to a digital number (DN), and then the RTE transformation was applied to determine black-body radiation brightness as follows:


   T s  =    [   L λ  − L ↑ − τ  (  1 − ε  )  L ↓  ]    τ ε    



(1)







In Equation (1), TS is the black-body radiation, Lλ is the spectral radiation brightness of band 10, τ is the transmittance of thermal infrared bands in the atmosphere, L↑ and L↓ are the brightness of upward and downward radiation in the atmosphere, respectively (http://atmcorr.gsfc.nasa.gov, accessed on 2 August 2021). The term ε is land surface emissivity calculated from vegetation proportion (Pv) [39]:


  ε =  (  0.004 ×  P v   )  + 0.986  



(2)







Then, the Plank function was used to compute LST from black-body radiation brightness.


  T =    K 2    ln  (     K 1     T s    + 1  )  − 273    



(3)







In Equation (3) T is land surface temperature (°C), K1 = 774.89 W/(m2·μm·sr), K2 = 1321.08 K (values came from the metadata file).




2.3. Land Cover Data


For the land cover data, this study used the GF-2 images (0.8 m × 0.8 m) acquired in 16 April 2017 and re-projected into the World Geodetic System (WGS)1984_UTM_49N coordinates. Using a DEM image (30 m) downloaded from the Geospatial Data Cloud, images were corrected for atmospheric radiation and topography (www.gscloud.cn). To interpret and classify the images, this study used a combination of supervised classification and manual interpretation. To generate the primary classification raster file in ENVI 5.3 Classification Workflow tool, training data were selected for each class using the Maximum Likelihood Algorithm. This study’s land covers were divided into four categories (i.e., vegetation, impervious surface, water body, and bare soil). The images explicitly demonstrate the distribution of Surface information in Zhengzhou and can thus be used to map urban classification effectively. Vegetation included all vegetated areas, also known as green space. Impervious surfaces included transportation, industrial, commercial, and residential space. Lakes and rivers were the most common types of water bodies. Bare soil referred to construction sites and non-vegetative areas. The accuracy of the land cover classification was evaluated. The accuracy of the land cover classification was evaluated. The overall accuracy was 97.7552% and the kappa coefficient was 0.9519.




2.4. Two Urbanization Intensity Scales


There are two scales to be used in defining urbanization intensity. One is multiple spatial scales with four grid cell sizes, which was used to analyze the relationships between land cover and LST. Specifically, the urbanization intensity was defined as the percentage of impervious surface within the four grid cell sizes (i.e.,240 m, 360 m, 480 m, 960 m), which is a multiple of the spatial resolution of the GF-2 and Landsat satellite images. Then this scale was calculated as:


  U Z  I i  =   L  C i    T  A i    × 100 %  



(4)




where   U Z  I i    is the urbanization intensity,   L  C i      is the area of impervious surface, and   T  A i    is the total area of the ith four grid cell sizes (i.e.,240 m, 360 m, 480 m, 960 m).



Therefore, the four-season average LST was calculated for each grid cell from 0% to 100%, with an interval of 1%. This method omitted the physical locations of the pixels, allowing for continuous measurement.



Another indicator of urbanization intensity is multi-buffer rings method. In this study, the concentric ring partitioning was used to define the intensity of urbanization over physical distances. The1-km buffer zone was created in increments, with Erqi Square in Zhengzhou City as the central point. Thus, Zhengzhou City was divided into a series of 1 km rings radiating from the center. Then, the average LST values were calculated for each ring and the thresholds for urban LST changes, and the intensity of urbanization development were calculated using segmented regression.




2.5. Driving Forces and Statistical Analysis


This study uses landscape structure (composition and configuration) of built-up land as a potential driver of LST and employs the landscape pattern index method to quantitatively analyze the spatial structural characteristics of landscape patterns. A total of 12 indicators were selected at two levels, landscape scale and patch type, to investigate the impact of landscape structure on LST at various levels of urbanization (Table 2). These landscape indices are Number of patches (NP), Patch density (PD), Mean patch area (AREA_MN), Mean shape index (SHAPE_MN), Mean perimeter-area (PARA_MN), aggregation index (AI), Interspersion and Juxtaposition index (IJI), Contagion index (CONTAG), Shannon’s diversity index (SHDI), Shannon’s evenness index (SHEI), Percent of landscape (PLAND), and largest patch index (LPI). Then, this study uses Fragstats 4.2, based on the 8-unit neighborhood method, to calculate the landscape indices for each grid scale and Buffer separately.



To examine the connection between urbanization intensity and urban LST, as well as its impact, the correlation relationship between landscape pattern index and urban LST was first calculated using Pearson’s correlation coefficient in this study. Second, stepwise regression was used to extract the drivers of LST change trends in Zhengzhou city under different levels of urbanization. Due to the different units of the landscape pattern index, the independent variables were standardized before building the regression model to improve the accuracy of the regression model. In the multiple linear fit models, the explanatory rate of the selected variables on the trend of LST change in Zhengzhou city was analyzed using the coefficient of determination (R2). The calculation between LST and the selected variables is used to investigate the contribution of LST drivers in Zhengzhou city under different levels of urbanization. Quantifying the contribution of LST drivers in Zhengzhou City under different urbanization levels.





3. Results


3.1. LST Spatiotemporal Characteristics in Four Reasons


The high LST areas are mainly located in the center and southeast of the study area. The low LST is mainly located at the edge of the study area and near the rivers and lakes. From an administrative perspective, Low LST areas were mainly concentrated in Erqi district in the southwest, Huiji district in the north, and Jinshui district in the northeast. These areas are not suitable for building due to high elevation or close to water bodies. The high places are mostly forest and water bodies topography, causing LST in the surrounding areas, reflecting the good cooling effect of forest corner water (Figure 3).



In the spring, summer and autumn, Dragon Lake, and Yellow River, which were located in Jinshui district in the center part and Huiji district in the north respectively, also showed low LST. Zhengzhou north station in the east of the central study area, and factories in the southeast of the study area were hugely covered by impervious surface, leading to high LST areas. Therefore, impervious surfaces were more probable to warm up after solar radiation absorption comparing with forest and water land.



In summer, the highest LST was 56.58 °C, the mean LST was 38.12 °C, and the lowest LST was 22.17 °C. The maximum LST in the spring was 49.92 °C, which was close to the LST in summer. The mean LST in Spring was 34.22 °C, which was above 3.5 °C lower than in summer, and the lowest LST was 14. 37 °C. In autumn, the highest, average, and lowest LST was 32.56 °C, 19.8 °C, and 12 °C, separately. As for the winter, they are 9.96 °C, 2.3 °C, and −7.74 °C, respectively. Although the LST distribution varies somewhat by season, the overall spatial distribution pattern of LST is similar across seasons.




3.2. The Relationship between Urbanization and LST


3.2.1. Urbanization Intensity (Multi-Buffer Rings Method)


The general trend of LST change can be obtained by analyzing the graph of LST change versus distance from the city center. Plots of LST representing different seasons of Zhengzhou distance from the city center outwards are shown in Figure 4. LST generally decreases from the city center. This is in line with the traditional understanding of LST. For most cities, LST decline as moved outward from a central core. In summer and winter, the LST decreased evidently and rapidly with away from the center. The same trend in spring were slightly. By contrast, the trend between LST and distance from the city center was upward in autumn. Second, the piecewise linear regression was used to calculate the threshold of change in LST for each season. The results show that the location of the threshold varies from different seasons and its change trend is also different. In detail, the LST has been on a decreasing trend with increasing distance from the city center in spring and summer, and the decreasing trend is more dramatic when the thresholds of 15 km and 25 km are exceeded respectively. In autumn, the trend of LST changes from increasing to decreasing when the distance to the city exceeds 21 km. On the contrary, in winter, the trend of LST changes from decreasing to increasing when the distance from the city exceeds 20 km. Among the four seasonal thresholds, the summer threshold is the farthest from the city center and the spring threshold is the closest to the city center.




3.2.2. Urbanization Intensity (Multiple Spatial Scales Method)


The LST generally increased with urbanization intensity in different seasons. Within the same urbanization intensity, the range of LST variation was also large (difference between maximum and minimum values). The LST increased significantly (p < 0.01) with increasing urbanization intensity in spring, summer, and winter. The mean warming trend of LST with urbanization intensity at four scales in spring, summer, and winter in Zhengzhou was 0.06 °C, 0.07 °C, and 0.01 °C, with mean intercepts of 29.22 °C, 34.77 °C, and 1.88 °C, respectively. In contrast to autumn when LST increased with urbanization intensity showed a slight decreasing trend with a mean cooling trend of −0.038 °C and a mean intercept of 20.63 °C. In addition, different seasons showed different trends with increasing grid scale. In spring, R2 values increased with decreasing grid scale, reaching the highest value at 240 m (R2 = 0.76). In summer, unlike spring, the R2 values generally decrease with decreasing grid scale, and the 960 m grid instead becomes the highest value in summer (R2 = 0.85), which indicates that urbanization has the greatest effect on LST in summer at the 960 m grid, and this effect decreases with decreasing grid scale. In autumn and winter, the R2 values reach their maximum values at the 960 m and 600 m grid scales, respectively. According to the linear fitting results, the warming trend was significantly positively correlated in spring, summer, and winter (r = 0.85; r = 0.87; r = 0.66, p < 0.01), while autumn showed a significant negative correlation (r = −0.17, p < 0.01) at the four scales (Figure 5).





3.3. Correlations between LST and Landscape Index


The correlation analysis shows that the urban LST is closely correlated with the landscape pattern, and its significance varies with seasonal changes (Figure 6). Overall, the spring and summer seasons are more closely correlated with the landscape indices. The fall and winter seasons showed weaker correlations compared to them, but some landscape indices still showed high correlations.



In spring, the correlation analysis results of the multiple spatial scales showed that the most significantly correlated landscape indices with LST were PLAND_water (negative correlation), followed by PLAND_imper (positive correlation), and PLAND_bare. The PLAND_green, SHAPE_MN and AREA_MN indices were all significantly negatively correlated with LST. In the multi-buffer ring method correlation analysis, the landscape indices that showed significant correlation in the multiple spatial scales analysis were still significantly correlated with LST, and the correlation coefficients increased. In addition, AI and JJI indices were negatively correlated with LST, and PARA_MN, PD and NP indices were positively correlated with LST.



In summer, the correlation analysis results of the multiple spatial scales showed that the most significantly correlated landscape indices with LST were PLAND_imper (positive correlation), followed by PLAND_green and PLAND_water (negative correlation). In addition, PLAND_bare and IJI index were significantly negatively correlated with LST. The NP index was significantly positively correlated with LST. In the multi-buffer ring method correlation analysis, the landscape indices that showed significant correlation in the multiple spatial scales analysis were still significantly correlated with LST, and the correlation coefficients increased. Furthermore, PARA_MN, PD and NP indices were significantly and positively correlated with LST. AI, SHEI, SHAPE_MN and AREA_MN indices were significantly and negatively correlated with LST.



The results of the correlation analysis by multi-spatial scale method in autumn showed that only the PLAND_water was significantly correlated with LST (negative correlation). In the results of the multi-buffer ring method correlation analysis, SHAPE_MN, AR-EA_MN and LPI were significantly negatively correlated with LST, except for the PLAND_water, while thePLAND_green and NP index were significantly positively correlated with LST. In winter, the results of the multiple spatial scales correlation analysis showed that the PLAND_water and PLAND_bare were significantly negatively correlated with LST, while the PLAND_imper was significantly positively correlated with LST. In the multi-buffer ring method correlation analysis, the landscape indices that showed significant correlations in the multiple spatial scales analysis were still significantly correlated with LST, and the correlation coefficients increased. In addition, CONTAG, PARA_MN, PD and NP indices were significantly and positively correlated with LST, while AI, SHEI, SHDI and IJI indices were significantly and negatively correlated with LST. In general, different urbanization calculation methods also resulted in different correlation results. Among the multiple spatial scale method, LST in different seasons had the highest correlation with two landscape indices, PLAND_imper and PLAND_water, followed by PLAND_green and PLAND_bare. Among the landscape configuration indices, only IJI, AREA_MN, SHAPE_MN and NP have correlations with LST, but only at a few grid scales and not with regularity. However, in the multi-buffer ring method, the four seasons have significant correlations with a large number of landscape pattern indices, both in terms of landscape composition and landscape configuration.



Figure 7 shows the results of the stepwise regression analysis of LST and landscape pattern index for different seasons. In spring, PLAND_water is the main driver of the LST trend change in the city. In summer, the change in LST trend in Zhengzhou is mainly attributed to PLAND_imper, while in autumn and winter, the main drivers causing the change in LST are PLAND_water and PLAND_green, respectively. The regression results of the multi-buffer ring method analysis were mostly like the multi-spatial scale method, where the main drivers for spring, summer, and autumn were PLAND_water, PLAND_imper, and PLAND_water, with explanatory rates of 92.5%,86.5%, and 47%, respectively. The results of the multi-buffer ring method analysis in winter were PLAND_green as the main driver, with an explanation rate of 72.8% (Figure 7).



In addition, the explanatory rates of the main driving forces differed significantly among seasons at different grid scales. Specifically, in spring, the explanation rate of PLAND_water decreased from 63.7% to 50.5% at the grid scales of 960m, 600m, 480m and 240 m. The interpretation rate of PLAND_water in spring also had the lowest interpretation rate at the 240 m grid scale.



In summer, the interpretation rate of PLAND_imper decreases from 63.8% to 41.0% from the grid scale of 960 m to 240 m. The interpretation rate of PLAND_imper for summer LST is highest at the scale of 960 m. In summer, the explanation rate of PLAND_imper decreases from 63.8% to 41.0% from the grid scale of 960 m to 240 m. In summer, the explanation rate of PLAND_imper decreases from 63.8% to 41.0% from the grid scale of 960 m to 240 m. The explanation rate of PLAND_imper decreases from 63.8% to 41.0% from the grid scale of 960 m to 240 m. In autumn, the interpretation rate of PLAND_water increased from 8.54% to 13.4% on the grid scale from 960 m to 240 m. This change was opposite to the other seasons. In winter, the interpretation rate of PLAND_green declined from 26.3% to 0.16% from the grid scale of 960 m to 240 m.





4. Discussion


4.1. Comparison with Previous Studies


Our results show that there is significant spatial heterogeneity in Zhengzhou LST, with high LST areas mainly distributed in the center and southeast of the study area. Low LST was mainly distributed at the edges of the study area and near rivers attached to lakes. This is consistent with the results of previous studies on LST in Zhengzhou city [28,40,41,42].



Firstly, the spatial heterogeneity of the LST described above is largely due to differences in the types of ground cover. While the impervious area is larger in the center and southeast of Zhengzhou, green space and water are mostly distributed at the urban edge. Previous study showed that the percentage of impermeable surfaces was positively correlated with LST values, and both showed an increasing trend [43]. Some studies on Zhengzhou City found that green space and water can effectively reduce LST and mitigate the UHI effect [28,44]. Albedo decrease due to urbanization leads to LST increase [45,46,47]. These findings strongly confirm the plausibility of the above spatial heterogeneity of LST.




4.2. Impact of Urbanization on LST


The results of the study show that the overall LST in Zhengzhou City increases with the intensity of the city, a result that has been confirmed by the results of many studies [15,16,43,48,49,50,51]. However, in further analysis, this study found significant seasonal differences in the effect of urbanization intensity on LST. This finding is opposite to the previous research idea that there is no clear seasonal pattern between LST and urbanization [14].



Firstly, the difference in research methods also accounts for a large part. Compared to the previous studies in which nine sample sites with different land use types were selected for analysis in Shanghai and Tokyo, this study uses the multiple spatial scales method and the multi-buffer ring method to conduct a city-wide study. With the rapid urban development and serious fragmentation of urban patches, only a more detailed and comprehensive approach can accurately analyze the urbanization-LST relationship. It has been shown that there is a significant scale effect in the relationship between urban land use types and LST, and multi-spatial scale studies are considered to be an important method to study urban and LST patterns [29]. Another study showed that the correlation between urbanization intensity and LST tends to increase with increasing scale [52]. Compared with the multiscale method based on dividing the grid by different pixel sizes, the multi-buffer ring method makes up for its shortcoming of ignoring the physical distance from the cities, making the study results more comprehensive and accurate [30].



It is noteworthy that in the autumn LST shows a slight downward trend with increasing urbanization. This is contrary to the results that indicate that urbanization has a significant impact on the average LST in the autumn [53]. This may be caused by changes in plant phenology due to urbanization. Phenology is the timing of periodic recurring events of an organism that accompany the seasonality of its habitat environment. It has been widely reported recently that urbanization has altered the timing of phenological events. Previous study have shown that the growing season of vegetation in urban areas in the northern hemisphere at mid to high latitudes started earlier (−5.6 ± 0.7 d), peaked earlier (−4.9 ± 0.9 d), and ended later (4.6 ± 0.8 d) than vegetation in rural areas [54]. Another study observed that urbanization in the eastern United States resulted in a 7.6 day extension of the growing season in deciduous broadleaf forests [55]. In addition, the vegetation growth start period was on average 4 to 9 days earlier and the end period was delayed by about 2 to 16 days at mid to high northern latitudes [56]. These results suggest that the delay in the end of vegetation period resulted in simultaneous differences in vegetation status between the urban center and urban fringe areas. These phenomena may have contributed to the slight weakening trend of urbanization-LST in autumn




4.3. Analysis of the Drivers of Urbanization on LST Trends


The results of this study indicate that the main drivers of LST in Zhengzhou are PLAND_imper, PLAND_water and PLAND_green. This is consistent with the previous research that for the average LST, PLAND has the largest explanatory role [57]. In summer, the landscape pattern index with the highest interpretation of LST was PLAND_imper, both in the multiple spatial scales and the multi-buffer rings approach. PLAND_imper can be a very useful predictor for understanding urban LST, which is in line with previous research [49,58]. Furthermore, the interpretation of LST by PLAND_imper, PLAND_water and PLAND_green generally tends to increase with increasing grid scale in spring, summer, and winter. This indicates that the effects of PLAND_imper, PLAND_water and PLAND_green on LST variability become stronger at larger spatial scales. This result is similar to other studies that used the same methodology. In a previous UHI study at Beijing, the correlation between impervious surface density and mean LST was found to increase as the grid size increased from 30 m to 960 m [59]. Another study in Bangkok, Jakarta and Manila showed that the correlation between impervious surface density and with mean LST increased with increasing grid size [52]. It has also been discovered that the impact of the building landscape index on LST grows with scale [60].



It is notable that the results of the stepwise regression analysis show that PLAND_imper has the greatest effect on the summer LST in Zhengzhou City at the spatial scale of 960 m × 960 m. This scale can be considered as an optimal characteristic area to mitigate the heat island effect in Zhengzhou City by changing the impervious surface. This result is different from some previous studies. A study of Phoenix, Arizona, concluded that the percentage of impervious surface has a direct effect on the maximum air temperature at 30 m space [61]. Another study in Bangkok, Jakarta and Manila considered for these studies that the optimal size for examining the best feature area for meteorological problems in urban areas is 210 m × 210 m [52]. We also recognize that the urban locations and climatic conditions of these studies are vastly different, for example, Zhengzhou in central China has a typical temperate continental monsoonal climate compared to Bangkok, Jakarta, Manila, which are located in coastal Southeast Asia with only wet and dry seasons throughout the year, and Phoenix, AZ, a desert city with long and extremely hot summers and short and mild winters. Another reason for this difference is the differing research methods, such as the use of maximum temperatures from different weather stations instead of LST for Phoenix, AZ.




4.4. Implication for the Future


Previous studies have shown that the observed temperature increase within cities has exceeded the predicted global temperature increase over the next few decades [62]. Urbanization has significantly influenced LST. While effective urban planning and landscape design can increase the resilience of cities to climate change to some extent [63,64,65]. Some studies have indicated that there is significant heterogeneity in the UHI effect within the same city and even between different cities [30,66]. This means that the city itself can provide an excellent natural laboratory for the study of the urban thermal environment. Therefore, this study analyzes the trend of urbanization in Zhengzhou city on urban LST and the driving factors behind the trend and provides effective ideas for the UHI effect from the perspective of landscape construction.



Reducing LST through landscape design has been proven to work well [67,68]. This study provides evidence for the influence of landscape composition and configuration on LST variability in Zhengzhou City. The results show that the main influences on LST in Zhengzhou are PLAND_imper, PLAND_water and PLAND_green, and their effects increase with the amount of urban spatial scale. This implies that spatial scale should receive greater attention if LST mitigation measures are developed, in addition to adjusting land cover types. In detail, urban planners and policy makers should consider the density of impervious surfaces, water bodies, and green spaces to mitigate Zhengzhou’s urban LST by reducing (or increasing), adjusting, and restructuring them. Since the impacts of PLAND_imper, PLAND_water, and PLAND_green on LST generally increase with spatial scale, we emphasize that Zhengzhou urban planning should also focus on larger spatial scales in order to maximize the cooling effect of land cover types and minimize their warming effects.





5. Conclusions


This study uses remote sensing satellite images to obtain land use and LST information, quantifies urbanization intensity based on the proportion of impervious surfaces in the grid and the distance to the urban center, and finally explores the relationship between urbanization and LST and the influencing factors through linear fitting and stepwise regression. First, we found that LST generally increased with urbanization intensity, which was extremely obvious in spring and summer, weak in winter, and followed a slight downward trend in autumn. Second, the PLAND index has the most significant effect on urban LST and varies significantly across spatial scales. At larger spatial scales, the effect of water bodies and impervious surface percentage on LST increases significantly in spring and summer, respectively. The same is the case for the effect of green space occupancy on winter LST. The results also suggest that large spatial scales (960 m × 960 m) are the most optimal characteristic areas for planning adjustments to urban land cover. Overall, this study explored the rule of LST variation with urbanization intensity, provided evidence of the influence of landscape pattern on LST in Zhengzhou city, and found differences in the influence of landscape structure on LST at different spatial scales. Therefore, by focusing on urbanization and LST, the results can provide important quantitative guidance and decision support for UHI mitigation and sustainable urban planning.



In addition, the study did not use perfectly timed satellite images due to weather and satellite imaging cycles, which may have affected the results to a certain extent. Meanwhile, this study only analyzed the influencing factors of urbanization-LST trends from the perspective of landscape structure. In fact, the urban environment is more complex. Urban natural factors and socio-economic factors can also have an impact on urbanization-LST trends. Therefore, in future studies, urbanization-LST trends can be analyzed with long time series and multi-temporal data, and attempts can be made to incorporate more influencing factors into the driver analysis and to analyze the impact of urbanization on LST more comprehensively and conclude practical measures to mitigate UHI.
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Figure 1. The study area’s location with a background map displaying land cover data. (a): China, (b): Henan Province, (c): Zhengzhou. 
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Figure 2. The workflow steps of this study. 
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Figure 3. The Four images represent the spatial distribution of land surface temperature (LST, °C) in (a) Spring, (b) Summer, (c) Autumn, and (d) winter, respectively. 
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Figure 4. Demonstrations of the relationship thresholds between the LST and urbanization intensity (km) in (a) Spring, (b) Summer, (c) Autumn, and (d) winter, respectively. 
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Figure 5. The maximum (red line), average (green dot) and minimum (blue line) values of the four-season LST in Zhengzhou at different grid scales (i.e., 240 m, 360 m, 480 m, 960 m) along the urbanization intensity (0–100%). Spring (a–d), Summer (e–h), Autumn (I–l), and winter (m–p). 960 m × 960 m (a,e,i,m), 600 m × 600 m (b,f,j,n), 480 m × 480 m (c,g,k,o), 240 m × 240 m (d,h,l,p). 
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Figure 6. Heat map of Pearson’s correlation coefficient between landscape index and LST in four seasons. The number and stars show the significance level of coefficient, ** p < 0.01, * p < 0.05. 
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Figure 7. Heat map of stepwise regression coefficients between landscape index and LST in four seasons. 
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Table 1. Landsat-8 OLI/TIRS images descriptions used in this study.
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Acquisition Date

	
Path/Row

	
Source






	
28 April 2017

	
124/36

	
https://earthexplorer.usgs.gov/ (accessed on 2 August 2021)




	
28 July 2015

	
124/36




	
6 November 2017

	
124/36




	
9 January 2018

	
124/36











 





Table 2. Description of landscape indices used in this study.






Table 2. Description of landscape indices used in this study.





	
Category

	
Metrics

	
Abbreviation

	
Description






	
Aggregation metric

	
Number of Patches

	
NP

	
Reflecting the spatial pattern of the landscape, the value is positively correlated with landscape fragmentation.




	
Patch Density

	
PD

	
The density of corresponding patches

within an analysis unit.




	
Aggregation Index

	
AI

	
Degree of aggregation of the

corresponding patches within an

analysis unit.




	
Contagion

	
CONTAG

	
Reflecting different patch types and clustering or extension trends in the landscape, small values indicate high landscape fragmentation.




	
Interspersion and Juxtaposition Index

	
IJI

	
Reflecting the spatial pattern of the landscape, larger values indicate the proximity of patch types to each other and high dispersion.




	
Shape metric

	
Shape Index Distribution

	
SHAPE_MN

	
Average shape index of the

corresponding patches within an

analysis unit.




	
Perimeter-Area Ratio Distribution

	
PARA_MN

	
Reflecting the complexity of landscape patch shapes and the extent to which land use is influenced by human activities.




	
Area and Edge metric

	
Percentage of Landscape

	
PLAND

	
Landscape percentage of the

corresponding patch.




	
Largest Patch Index

	
LPI

	
The percentage of the landscape

occupied by the largest patch.




	
Patch Area Distribution

	
AREA_MN

	
The average size of the patches.




	
Diversity metric

	
Shannon’s Evenness Index

	
SHEI

	
Uniformity of distribution of landscape types.




	
Shannon’s Diversity Index

	
SHDI

	
Reflecting the abundance and complexity of landscape types.

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 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 (https://creativecommons.org/licenses/by/4.0/).



























media/file13.jpg
Grid

PLAND,bare
PLAND water
PLAND grecn
PLAND.imper
N

sHEl

sHD

u

CONTAG
PARA MN
SHAPE_MN
AREA MN.
et






media/file4.png
Urbanization scales

Statistical Analysis

Data processing flow
Images | | Procedure | Variables _ - Multiple spatial | Trends | | Drivers
dependent and independent variables 960m  600m  480m  240m

: . ; N I e o T i [ e A
: ; ! | | .
| Landsat 8 L.l LST Retrieved |, : b L
: : gthe radiatve 1 Sprin, Summer Wi | 1 Linear Fitting Analysis
[ 30m*30m | i ‘vansterequation it pring Autumn Winter . =5 within the grids : v
: I I : + Multi-buffer ring |— [ — 171 - Multiple linear
| GF-2 i,| Classification : | Landsacpe index : —I\+| i i i
H .7+ using the Maximum of urb: he physical dist: Fri 1 . :
| 0.8m*0.8m | Likelinood Algorithm | | . em‘;;:,,":::r'::;:ﬂ:‘” Py AI el ete. oy e e rom ; fregression regression






nav.xhtml


  sustainability-14-13845


  
    		
      sustainability-14-13845
    


  




  





media/file2.png
113°30'0"E
h

113°36'0"E
h

113°42'0"E
i

113°48'0"E 113°54'0"E
h L

34°54'0"N

34°48'0"N

34°42'0"N

T
34°54'0"N

34°48'0"N

34°42'0"N

@ City Center (¢ Buffer
Water Body [l mpervious Surface
———n I Green Space Bare soil
ll}“l‘l'ﬂ E 0 113°36" g IIJ“-!‘R'O"E

34°36'0"N





media/file5.jpg





media/file3.jpg
Data processing flow Urbanization scales _ tatistcal Analsis
mages | | rocedone | o Verabls S
v =

W buffer g






media/file1.jpg
o Ciycae s
e By [ e e






media/file7.jpg
LSTEC)

LSTCC)

n

Urbanization intensity

T 5 b B o™ 3w
Distance from the city center(km)
O Average LST per buffer ring

T 5 w0 B om » ®

(ance from the city center(km)
—— Piecewise Linear Regression





media/file10.png
S

Sund:

Jowwng

ny

960 m x 960 m 600 m x 600 m 480 m x 480 m 240 m x 240 m
“ @)

y=29.63+0.06x
r=0.81 R*=0.66 p<0.01

y=29.33+0.06x
= r=0.84 R*=0.71 p<0.01 2

) 40 60 50 100

y=34.18+0.08x
r=0.92 R%=0.85 p<0.01

20 40 60 80 100
® i % a4 (k)
y=20.66-0.01x =20.57-0.003x y=20.55— 0003x
r=-0.31 R?=0.09 p<0.01 0.02p<0.01 r=-0.14R*=0.001 p<

y=1.71+0.01x 0 y=1.83+0.01x * y=1.9+0.01x
r=0.68 R*=0.47 p<0.01 r=0.78 R*=0.61 p<0.01 =069 R?=047 p<0.01

W @ o m 2 e @ w0 2 w0 @ 0w S

Urbanization intensity(%)





media/file15.png





media/file12.png
Buffer

PLAND bare
PLAND_water
PLAND green
PLAND imper

Al H

SHEI

SHDI

1T
CONTAG -~
PARA_MN -+
SHAPE_MN +
AREA_MN —E
LPI

PD +

NP

—0.81"=0.59""-0.83""-0.83" BOMIESOMI=0.46"-0.51" §

_ .

0.57° 0.49"*0.44" 0.43% 0.80°* 0.70**0.70** 0.70**

0.49"° 0.38** 0.33*

® ﬁ6‘.’“‘”“
-0.96"-0.83""~0. ‘(r'.
. il g

0.78°°0.93*

—5;—"
0.76"~0.62"~0. hS'.
“»0 S$7°0.70"
0.63™ 0 x:".u 83"

0.71" 0.50 " 040






media/file9.jpg





media/file14.png
Buffer

PLAND_green
PLAND _imper
Al +

SHEI

SHDI

11

CONTAG +
PARA_MN A
SHAPE_MN
AREA_MN
LPI H

PD +

022

[

021

031

0.17

053

023

078

207

357

025

L2

034

647

on

036

553

0.17

xs4 438

537 986

o .

094 | 067

(%)
99.50

79.60

59.70

39.80





media/file8.png
LST(°C)

LST(°C)

Urbanization intensity

36
34 27
324 40
30 1
38
281 g
26 = 36
7]
24 1 =
34
224
I
204 | | 324 |
I
I
18 : o 0]
16+ : T - r - . : T
0 5 0 15 20 25 30 0 5 0 15 20 25
21
204
e
19 = 1
"
=
18
17 +— T : : - : Lo : : - T :
0 5 0 15 20 2 30 0 5 10 15 20 2

Distance from the city center(km)

O Average LST per buffer ring

Distance from the city center(km)

—— Piecewise Linear Regression





media/file11.jpg
Grid

PLAND, bare { T

PLAND_water

green

PLAND,

PLAND_imper

PARA_MN
SHAPE_MN

AREA_MN





media/file6.png
13°300°E 113°360°E 13420 113480 HFS40"E 13°300"E. 13°3607E. 1420°E 13480"E 113°S40°E.

N
AL :
= =
Mz Lz
2 2
5
H H
k3 B
E z
s =
Hs H
2 2
5 z
3
# :
] H
- z
{3 L=
H H
B 2
B
3 ]
2| ¢
:
[&
[ J3067-3388 | 2
[ 30.88-36.25
] o 25 s L 1 36.25 - 49.91 1
——————— T
13°240°E, N3300E 13360E NI20E TNIAS0E 137300°E. 13360°E 13420°E 1F4S0"E
13300°E 1N3360°E N340 N3AR0E NISL0E 13°300°E 13360°E 13420"E 13480"E 1PSH0"E
N
|z :
S z
z
s
3
z
z
:
=
z
£
=
3
z
=
]
z
E
24
2
agend z z
I 11.06-1831 | £ By
[ 1831-1953 [ 2 ;
[ J19.53-2051 | =
2061-2222
1 . 22 1

N320°E 137300°E N3360°E N3420°E N34R0°E

(d)

— T T
1322407 132300 11393607 13°42°0°E.





