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Abstract

:

Research on the impact of anthropogenic heat discharge in a thermal environment is significant in climate change research. Central heating is more common in the winter in Northeast China as an anthropogenic heat. This study investigates the impact of central heating on the thermal environment in Shenyang, Changchun, and Harbin based on multi-temporal land surface temperature retrieval from remote sensing. An equivalent heat island index method was proposed to overcome the problem of the method based on a single-phase image, which cannot evaluate all the central heating season changes. The method improves the comprehensiveness of a thermal environment evaluation by considering the long-term heat accumulation. The results indicated a significant increase in equivalent heat island areas at night with 22.1%, 17.3%, and 19.5% over Shenyang, Changchun, and Harbin. The increase was significantly positively correlated with the central heating supply (with an R-value of 0.89 for Shenyang, 0.93 for Changchun, and 0.86 for Harbin; p < 0.05). The impact of central heating has a more significant effect than the air temperature. The results provide a reference for future studies of urban thermal environment changes.
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1. Introduction


The urban thermal environment affects the water vapor cycle, atmospheric diffusion, human health, etc. [1,2,3]. Therefore, scholars have long been devoted to studying the factors that lead to such changes in the urban thermal environment [4,5]. The Intergovernmental Panel on Climate Change (IPCC) found that human-induced temperatures were about one degree higher than the pre-industrial levels by 2017 [6]. The impact of anthropogenic heat on the urban thermal environment cannot be ignored [7]. Northeast China is the coldest region in China, with long and cold winters [8]. Large-scale central heating facilities have been built to deliver heat to the city in order to help residents cope with the severe cold of winter [9]. With urbanization, the central heating supplies in some cities have increased significantly [10]. As a type of anthropogenic heat, central heating produces a large amount of heat, and a study pointed out that central heating may be the main reason for increasing the winter temperatures in urban areas [11]. Understanding this impacts on the urban thermal environment is significant for predicting urban climate changes [12].



Recently, many studies have investigated the impact of anthropogenic heat on the thermal environment [13,14,15,16], which has been carried out on specific types of anthropogenic heat, such as air conditioning waste heat [17,18] and industrial heat [19,20]. Some studies have analyzed the correlation between anthropogenic heat and thermal environment changes [21,22]. For example, Liao et al. [23] examined the relationship between energy consumption and the annual variations of heat islands and found that the anthropogenic heat released from energy consumption impacted nighttime heat islands. However, this consumption-based approach analyzed multiple kinds of anthropogenic heat impacts together, and the specific impacts of central heating were unclear. At the same time, the study of the long-term cumulative impact of central heating on the thermal environment is still lacking. Other studies used a numerical model to simulate regional implications and analyzed the impact of anthropogenic heat [24,25]. For central heating, Huang et al. [26] studied the impact of central heating based on the WRF (weather research and forecasting model) and found that central heating caused a sudden temperature increase (7 °C) at night. However, this study assumed that heat is released simultaneously, simplifying the actual situation and exaggerating the impact.



In summary, there have been relatively few studies on central heating. For the statistical correlation method, the cumulative effect of central heating has not been considered, and for the numerical model simulation, the lack of detailed land surface parameters limited the model’s performance [27,28]. Since central heating usually lasts for several months, the air temperature changes significantly [29]. The impact of long-term central heating needs to be studied with more reliable data. Remote sensing can provide long-term spatially continuous observation of the land surface temperature [30]. It has been an effective method widely used in analyzing the annual changes in the thermal environment over recent years [31].



To evaluate long-term changes based on remote sensing, some studies have investigated the yearly changes in the winter or summer by using one image each year and comparing the annual differences [32,33]. However, studies have shown that changing the ambient temperature can lead to changes in the urban heat intensity over time, and the same city can experience different urban heat island intensities at different times [34]. The results calculated based on one moment cannot represent the whole central heating season and are inadequate to assess the long-term cumulative effects [35]. Some studies have estimated the monthly, seasonal, and annual average land surface temperature changes [36,37,38,39,40,41]. For example, based on the seasonal average land surface temperature, Du et al. [42] found that the total energy consumption at night can explain urban heat islands to a greater degree. However, the mean temperature method weakens the understanding of the intensity of the high urban heat islands [43,44]. There is a lack of methods that can quantify the cumulative heat effects based on remote sensing for the long-term evaluation of a thermal environment.



This study aims to propose a method to evaluate long-term heat accumulation based on multi-temporal remote sensing images and analyze the impact of central heating on the spatial–temporal variations of the thermal environment in three central heating study areas.




2. Materials and Methods


2.1. Study Sites


The study areas are located in the capital cities (Shenyang, Changchun, and Harbin) of the three northeastern provinces of China, as shown in Figure 1. The three study areas are core cities in the northeast economic zone where people gather.



Study area 1 (D1) is located between 123.10°E and 123.63°E, 41.61°N and 42.00°N, covering the core urban area of Shenyang. The annual average air temperature is 9.4 °C, the maximum average air temperature in the summer is 23.6 °C, and the minimum average temperature in the winter is −7.3 °C [45]. The relative humidity is 60–75% in the summer [46]. Shenyang’s use of central heating is usually from 1 November to 31 March of the following year. Study area 2 (D2) is located between 125.00°E and 125.47°E, 43.71°N and 44.10°N. Changchun’s annual average air temperature is 4.8 °C, the average air temperature is 22 °C in the summer, the average air temperature is around −14 °C in the winter, and the average relative humidity is 70% in the summer [47]. The central heating period in Changchun is between 20 October and 10 April of the following year. Study area 3 (D3) is located between 45.51°N and 45.86°N, 126.48°E and 126.88°E. The annual average air temperature is 5.6 °C, the maximum monthly average air temperature in the summer is 23.6 °C, and the minimum monthly average temperature is −15.8 °C [48]. The relative humidity is 45~75% in the summer [49]. The central heating period in Harbin starts from 20 October to 20 April of the following year. In this article, the periods in which central heating is used in the three cities are referred to as the study areas’ central heating seasons.




2.2. Data and Data Preprocessing


This study utilized national statistics to calculate the central heating supply (CHS). Daily land surface temperature (LST) data was used to extract the characteristics of the cities’ changes in the thermal environment. Air temperature (T2) data was used to analyze the cities’ climates. Impervious surface (ISA) data was used to analyze the transitions in the city area.



National statistics on urban central heating were collected from the Statistical Yearbook of the Ministry of Housing and Urban-Rural Development of China (http://www.mohurd.gov.cn/gongkai/fdzdgknr/sjfb/tjxx/index.html) (accessed on 2 February 2016). In recent years, officials have regularly published the data on urban central heating in statistical yearbooks collected from the statistics reported by each city’s central heating management department. The study added the central heating of steam and hot water to the total urban central heating supply. The CHS of the three cities has shown a significant upward trend from 2003 to 2019, as shown in Table 1. Harbin has the highest CHS.



The land surface temperature data was obtained from TRIMS LST (Thermal and Reanalysis Integrating Moderate-resolution Spatial-seamless LST) (http://poles.tpdc.ac.cn/zh-hans/) (accessed on 16 July 2021), which is a reconstructed high-quality all-weather LST dataset that merges the reanalysis data [50]. The dataset provides the spatiotemporally continuous LST and has a high consistency with Aqua MODIS LST products [51,52]. The dataset provided daily LST from 2000 to 2020 and is suitable for analyzing long-term temperature changes. Actual measurements verified the data at weather stations in Northeast China, and the RMSE was 1.52–3.71 K [53]. The data were divided into daytime and nighttime twice a day, with a spatial resolution of 1 km. Studies have pointed out that the urban thermal environment during the day is greatly affected by solar radiation. Therefore, the impacts of central heating were studied based on nighttime data. All nighttime images of the central heating seasons from 2003 to 2019 were used, including 2572 images for D1, 2946 images for D2, and 3116 images for D3, due to the different lengths of the central heating seasons in the study areas. All images were coordinate system-converted and cropped in python using ArcPy and ArcGIS.



In the previous studies, a NCEP-NCAR reanalysis was often used to represent large-scale climate changes due to being insensitive to the local effects of urbanization [54,55,56]. The air temperature data used to reflect the climate changes of the central heating seasons were selected from the daily 2-m temperature (T2) of the NCEP-NCAR reanalysis data (https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html) (accessed on 20 October 2014) [57]. The air temperature time series from 2003 to 2019 was constructed using the mean air temperature of the central heating season for the three study areas.



The impervious surface area (ISA) data were obtained from annual maps of the global artificial impervious area (GAIA) between 1985 and 2018 (http://data.ess.tsinghua.edu.cn/gaia.html) (accessed on 19 November 2019). The data had a spatial resolution of 30 m, the overall mean accuracy was higher than 90% [58], and the data have been widely used in urban research [59,60]. The impervious surface data were cropped according to the study areas.




2.3. Methods


The research process of this paper consists of three parts, including index construction, relationship analysis, and method comparisons, which are shown in Figure 2.



An equivalent heat island index (EHI) was constructed based on the daily LST time series in the index construction part. The changes in the entire central heating season were analyzed based on the EHI. Based on the EHI, the equivalent heat island area (EHIA) and equivalent heat island intensity (EHII) of the central heating season were calculated to evaluate the spatial–temporal characteristics of the thermal environment. The detailed construction method is in Section 2.3.1.



In the relationship analysis part, a Pearson correlation analysis between the EHIA, EHII, and the CHS data time series was performed to analyze the relationship between urban heat islands and central heating. Then, the relative contribution of the central heating supply and air temperature to the thermal environment change was compared with the method in Section 2.3.2.



The comparison with the single-phase method and the mean method was carried out in the method comparison part. The detailed comparison method is introduced in Section 2.3.3.



2.3.1. Equivalent Heat Island Index Construction Method


In order to comprehensively evaluate the heat island in the annual central heating period, an equivalent heat island index (EHI) was constructed. Based on the EHI, the equivalent heat island area (EHIA) and the equivalent heat island intensity (EHII) were calculated, respectively. The EHIA was used to analyze the annual variations in the urban heat island area during the central heating season. The change in different EHIIs was used to analyze the spatial variations of the thermal environment. The details of this method are as follows.



The equivalent heat island index was constructed for a long-term comprehensive evaluation of the thermal environment. The steps for the specific index construction were as follows. First, the mean and standard deviation of the daily LST images were calculated using Equations (1) and (2).


  E    (  L S T  )    d a t e   =    ∑  x = 1  i   ∑  y = 1  j  L S  T  d a t e    (  x , y  )    i ∗ j    



(1)






  S T D    (  L S T  )    d a t e   =    1  i ∗ j     ∑  x = 1  i     ∑  y = 1  j      |  L S  T  d a t e    (  x , y  )  − E    (  L S T  )    d a t e    |   2     



(2)




where   L S  T  d a t e    (  x , y  )    is the LST of the pixel at positions (x, y) in the image on the date, i*j is the total number of pixels in the corresponding image,   E    (  L S T  )    d a t e     is the mean of   L S  T  d a t e    , and   S T D    (  L S T  )    d a t e     is the standard deviation.



The thermal classification method of the mean standard deviation in the existing research [61] was used to calculate the urban heat island classification threshold in Table 2.



The sum of the mean value and the standard deviation of each image was used as the threshold value (  T  H  d a t e    ) for the corresponding image, as shown in Equation (3).


  T  H  d a t e   = E    (  L S T  )    d a t e   + S T D    (  L S T  )    d a t e    



(3)







For each image, the urban heat island and non-urban heat island were divided according to the   T  H  d a t e    . The pixels whose pixel values were greater than or equal to the   T  H  d a t e     were assigned a value of 1, and the pixels that did not meet the conditions were assigned a value of 0. The daily heat island image (  I m a g  e  d a t e    ) was calculated according to Equation (4).


  I m a g  e  d a t e    (  x , y  )  =  {      1 ,     i f   L S  T  d a t e    (  x , y  )  ≥ T  H  d a t e         0 ,     i f   L S  T  d a t e    (  x , y  )  < T  H  d a t e          



(4)







The   I m a g  e  d a t e    (  x , y  )    of each day during the central heating season was added, and then, the result was divided by the number of days added to calculate the cumulative heat island frequency, as shown in Equation (5).


  EHI  (  x , y  )  =   ∑  d a t e = 1  N     I m a g  e  d a t e    (  x , y  )   N   



(5)




where N is the total number of days in the central heating season, and the cumulative heat island frequency is referred to as the equivalent heat island index (EHI) in this article.



To calculate the area of the equivalent heat island, the EHI of each pixel was multiplied by the area of the pixel, and the results of all the pixels were added to get the equivalent heat island area (  EHIA  ) of the central heating season in Equation (6).


  EHIA =   ∑  x = 1  i     ∑  y = 1  j   EHI  (  x , y  )  ∗ A r e  a  p i x e l    



(6)




where   A r e  a  p i x e l     is the area of the pixel,   EHI   is the equivalent heat island index, and   EHIA   is the equivalent heat island area.



To compare the difference in the EHI, the EHI was classified using the density slicing classification methods [20,62], as shown in Table 3, and the result of the classification is referred to as the equivalent heat island intensity (EHII).



The EHIA of each central heating season was calculated according to Equation (6), and the time series from 2003 to 2019 was constructed. The area percentage change with different equivalent heat island intensities was calculated, and the time series of the area with different EHII from 2003 to 2019 was obtained. Since this study is based on remote sensing images at night, the results mentioned in this paper refer to the results at night.




2.3.2. Relative Contribution Analysis Method


The thermal environment of urban areas is also affected by air temperature changes [22]. The relative contributions of central heating and the air temperature were analyzed based on the LMG method. The Lindeman–Merenda–Gold (LMG) method can evaluate the relative importance of the relevant factors using multiple regression [63]. The LMG method decomposes R2 into non-negative contributions that automatically add up to the total R2 [64] and is widely used in existing research [65,66]. The time series of EHIA was used as the dependent variable, and the time series of the average air temperature and CHS were employed as independent variables for the LMG analysis.




2.3.3. Method Comparison


In comparison with the single-phase image method, the daily heat island area was calculated firstly to analyze the changes in the thermal environment. Then, the time series was constructed based on the daily heat island area during the central heating season, and the variation trend of the daily heat island area was extracted based on the widely used seasonal and trend decomposition using locally weighted regression (STL) method [67,68,69]. The changing trend of the analysis based on daily images was compared with the results obtained by the method proposed in the paper.



In comparison with the mean method, since the area of the urban heat island cannot be measured, considering the correlation between the urban heat island and impervious surface [70,71,72], the proposed method was compared with the mean method in terms of their correlation with the ISA time series. The mean land surface temperature of the central heating season was calculated, and the hot urban heat island area was calculated based on the mean LST image according to the mean standard deviation threshold method [61]. In this paper, the extracted result was referred to as the average heat island area (AHI). The AHI time series for each study site was constructed from 2003 to 2019. To construct the ISA time series, a fishnet was created considering the resolution of the LST data [73], and the proportion of the ISA in each grid cell of the fishnet was calculated. Then, based on the impervious surface area of the pixel, the impervious surface area of the entire study area for each year was calculated. Since there was no data for 2019, data from 2018 were used instead. Each study site’s impervious surface area time series was constructed from 2003 to 2019.






3. Results


3.1. Spatial–Temporal Characteristics of Thermal Environment


3.1.1. Change of the Equivalent Heat Island Index


The change in the mean air temperature (T2) during the central heating season for each study area is shown in Figure 3. The average air temperature of D1 was the highest, and the air temperature of D3 was the lowest. The results of years with similar air temperatures were selected for comparison: 2004 and 2017 for D1, 2007 and 2019 for D2, and 2006 and 2016 for D3.



The changes in the daily land surface temperature are observed in Figure 4. It can be seen that the LST of the urban areas was higher than the suburbs. The polygon of the urban extent was extracted from Google Earth images and the datasets of global annual urban extents [74]. There are apparent urban heat islands at night, and the urban heat island area in the hot region increased by 9.1% for D1, 19.6% for D2, and 47.7% for D3, according to the mean standard deviation method [61]. Since the urban heat island area has expanded, it is inferred that human activities induce change.



The EHI images calculated based on the daily LST image of the whole central heating season are shown in Figure 5. The images show the frequency of the occurrence of heat islands in different regions throughout the central heating season. The areas with a high frequency of heat islands are mainly in cities and suburbs, and there are apparent differences between outer towns and cities. The EHIA and EHII were used for specific change analyses.




3.1.2. Change of Equivalent Heat Island Area and Intensity


It is noticed that, compared with 2006, a large area with an increased EHI appeared in the upper left of D3 in 2016, as shown in Figure 5. Observing the winter using Landsat (Figure 6) showed that this area includes the river that passes through the city and the new city on the other side of the river. Studies have pointed out that, due to the differences in heat capacity, the land surface temperature of the water at night will be higher than that of bare soil and vegetation [75]. Since the area of the river in 2016 was more significant than in 2006, the thermal area at the corresponding location was more effective. In D1, it was found that the river running through the city showed a city-like heat island phenomenon. Since a large river area at night in the winter presents a heat island phenomenon similar to that of suburban areas, this affected the analysis of the urban heat island area. Therefore, it was necessary to mask the river area before calculating the EHIA.



The equivalent heat island area changes in the three study areas are shown in Figure 7. Unlike the slight increase in the air temperature, the changes in the EHIA showed a significant upward trend (2.15 km2 year−1 for D1, 2.60 km2 year−1 for D2, and 1.63 km2 year−1 for D3; p < 0.001) based on the least squares linear regression method [76]. From 2003 to 2019, the EHIA of D1 increased by 22.1%, D2 increased by 17.3%, and D3 increased by 19.5%.



The variations in the equivalent heat island intensity are shown in Figure 8, Figure 9 and Figure 10. For the three study areas, the urban core area is in a high EHII. It is observed that the high EHII in the D1 area expands to the south, and the high EHII in the D2 area expands to the east. The existing research on D1 and D2 has shown that the urban center of the D1 area has moved southward, and the urban center of gravity of the D2 area has moved eastward [77]. The newly added equivalent heat island area in the northern part of the D3 area has reflected the impact of the new area built by the city. Therefore, the observed phenomenon based on the equivalent heat island intensity is consistent with the changes in the city.





3.2. Relationship between Urban Heat Island and Central Heating


3.2.1. Correlation Analysis between EHIA and CHS


The EHIA and regional air temperature time series correlation analysis showed no significant correlation. Combined with the phenomenon of night heat island area expansion, the Pearson correlation results between the regional thermal environment and central heating are shown in Figure 11. In the three study areas, the time series changes of the EHIA were all positively correlated with the central heating supply. For D1, the correlation coefficient was 0.89; in D2, it was 0.93; and in D3, it was 0.86. This illustrated that the equivalent heat island area increased with the increase in the central heat supply. In the nighttime, central heating affected the urban heat island for the study areas.




3.2.2. Correlation Analysis between EHII and CHS


The percentage changes of the different equivalent heat island intensities area are shown in Figure 12. The area with a high EHII increased more than other intensities for D1. For D2 and D3, all the EHII apparently increased. The correlation between different EHII and the central heating supply is shown in Table 4. For D2 and D3, central heating significantly affected the medium-high, medium, and medium-low changes in the EHII. The cities in these two study areas are expanding outward, and the addition of central heating in buildings is making more areas show more heat islands. For the D1 area, the areas with a high EHII are most affected by central heating. The city in the D1 area entered a high-speed area in 2004 and has stayed there ever since. During the changing stage, large areas of dilapidated houses were demolished in the city to make way for new construction. At the same time, about half of the developed infrastructure and population was still concentrated in the core area, resulting in a high population density in the city center [78,79]. The construction of the new building in the old area made the heating capacity of the high EHII area more extensive and the central heating effect more significant.




3.2.3. Relative Contribution of Central Heating


Urban thermal environments are simultaneously affected by changes in central heating and natural air temperatures. The results of the relative contributions of central heating and air temperature are shown in Table 5. The central heating supply was vital in all three study areas, with a 98% contribution rate. The relative impact of changes in the air temperature was less than 3%. Central heating has a more significant impact on urban heat islands at night than the air temperature.





3.3. Thermal Environment Analysis Using Existing Methods


3.3.1. Analysis Based on the Daily LST


The daily urban heat island area time series of the three study areas are shown in Figure 13. The areas of urban heat islands vary daily, and it is not appropriate to represent the annual central heating season with the heat island area of a single day. By performing seasonal trend decompositions, it can be found that there is no significant periodicity between years and that the urban heat island areas of the three study areas all showed an upward trend.




3.3.2. Analysis Based on Mean LST


To use the average results for the evaluation of long-term changes, the spatial distribution of the mean LST in the study areas is drawn in Figure 14. The whole central heating season shows the urban heat island phenomenon at night. Still, the urban heat island boundary is not as apparent as the EHI, as shown in Figure 5. The EHI images provided more information than the mean LST.



The correlations results between changes in the EHIA, AHI, and ISA are shown in Figure 15. In the three study areas, the time series changes of the EHIA are all positively correlated with the ISA. For D1, the correlation coefficient is 0.87; in D2, it is 0.97; and in D3, it is 0.87. The time series changes of the AHI are positively correlated with the ISA. For D1, the correlation coefficient is 0.78; in D2, it is 0.96; and in D3, it is 0.86. It illustrated that the EHIA and AHI have consistency with the ISA.






4. Discussion


4.1. Comparison with Existing Methods


In this paper, a method to evaluate the thermal accumulation based on long-term LST was proposed for the first time. Compared with the existing studies, it increases the consideration of the accumulation effect and realizes an evaluation of the process of dynamic change. The method introduced in this study is compared with those of existing studies as follows.



As mentioned in the Introduction, existing studies have used single-phase [32,33] or average results for long-term evaluations [36,37,38,39,40,41]. To use single-phase data, Bijay et al. [80] selected one remote sensing image each year for analysis to compare 2000 and 2020, ignoring the fact that these images were acquired on different months. Through the analysis of annual single-phase image changes, as described in Section 3.3.1, it was found that there are variations in the daily heat island area during the central heating season. For the comparison of interannual thermal environment changes based on single-phase images, the results vary depending on the chosen date each year for comparison. The traditional analysis based on a single phase representing the whole year is not suitable for analyzing the comprehensive impact of the central heating season. In contrast, the equivalent heat island index proposed in this study is based on comprehensive statistics of the daily heat island of the central heating season, and the evaluation is more reliable.



The mean method ignored the low-frequency areas with heat islands, and regional areas with heat islands more than half the time in the central heating season were classified as heat islands. In the above case, the heat island obtained by the mean method will bias the understanding of the actual situation in different parts of the city. The correlations between changes in the EHIA, AHI, and ISA show that the equivalent heat island area has better consistency with the changes of the urban impervious surface than the average heat island area in Figure 15. From the comprehensive evaluation of the long-term heat island area, the equivalent heat island method considering the frequency in time dimension is more suitable. The average method inadequately assesses the cumulative effects.




4.2. Implications for Future Studies


This study analyzed the impact of central heating on urban heat islands in actual scenarios based on data from remote sensing. This study quantitatively evaluated the impact of central heating using remote sensing images. Many regions demand central heating in the winter and are continuously increasing [10]. The impact of new central heating areas on the thermal environment needs to be evaluated during planning, and the research results can provide a reference for planning decisions. The equivalent heat island index method constructed in this paper can be applied to the comprehensive evaluation of the long-term thermal environment in different scenarios and regions, providing a new method for studying heat islands.



On the other hand, previous studies have found that urban high temperatures are slightly lower based on model simulations [81] and that the introduction of anthropogenic heat can effectively improve the simulation results of a thermal environment [82]. Thus, the evaluation of the impact of central heating is conducive to more accurate urban thermal environment simulations.




4.3. Limitation and Uncertainty


While the results enrich the knowledge of the impact of central heating on urban thermal environments, the limitations and uncertainty should be highlighted.



The process of constructing the EHI was based on images from all days of the study period in order to achieve a comprehensive evaluation. In practical applications, the use of this method may be limited by the data. For example, the influence of clouds can lead to missing data and the inability to obtain a complete time series. At present, the analysis is based on data filled by multisource and multi-type data fusion.



In order to analyze the long-time cumulative impact based on daily images of the central heating season, the spatial resolution of the data was compromised while ensuring the temporal resolution. In this case, there was uncertainty about the representation of the spatial details. Further analyses can be carried out if the time series data on land surface temperatures are available with high spatial and temporal resolution in the future.





5. Conclusions


An EHI method was developed in this study to evaluate the heat accumulation effect. The construction of the EHI took into account the dynamic process of thermal environment changes. The constructed index was used to quantify the yearly changes in heat islands and to better and more comprehensively estimate the heat islands for the entire central heating season. To the best of our knowledge, this is the first time that a LST time series has been used for the long-term evaluation of cumulative effects and then to quantify the impact of central heating. The proposed method can be applied to the study of other regions and support more urban thermal research. The major conclusions are summarized as follows:




	(1)

	
The urban core area has a high intensity of equivalent heat islands for the three study areas. During the central heating season, the nighttime urban heat island area increased from 2003 to 2019. Compared with 2013, Shenyang’s equivalent heat island area increased by 22.1%, Changchun increased by 17.3%, and Harbin increased by 19.5%.




	(2)

	
This increasing trend of the equivalent heat island area and the equivalent heat island intensity was highly positively correlated with the central heating supply (R is 0.89 for Shenyang, 0.93 for Changchun, and 0.86 for Harbin; p < 0.05). Additionally, the impact of central heating is more significant than that of the air temperature.
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Figure 1. The locations of the study areas, and true color images in November. (a) Image of study area 1 (D1); (b) Image of study area 2 (D2); (c) Image of study area 3 (D3). 






Figure 1. The locations of the study areas, and true color images in November. (a) Image of study area 1 (D1); (b) Image of study area 2 (D2); (c) Image of study area 3 (D3).



[image: Remotesensing 14 02327 g001]







[image: Remotesensing 14 02327 g002 550] 





Figure 2. Research process. 
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Figure 3. The air temperature (T2) changes during the central heating seasons. 
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Figure 4. Changes in the spatial distribution of the daily land surface temperature at night. 
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Figure 5. The spatial distribution of the equivalent heat island index (EHI) in the three study areas. 
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Figure 6. Change in the river area in D3 on the Landsat image. (a) Landsat image in 2006; (b) Landsat image in 2016. 
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Figure 7. Equivalent heat island area (EHIA) from 2003 to 2019. 
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Figure 8. Equivalent heat island intensity (EHII) changes from 2003 to 2019 in D1. 
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Figure 9. Equivalent heat island intensity (EHII) changes from 2003 to 2019 in D2. 
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Figure 10. Equivalent heat island intensity (EHII) changes from 2003 to 2019 in D3. 
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Figure 11. Scatter plot of the central heating supply (CHS) and equivalent heat island area (EHIA). 
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Figure 12. The percentage of different equivalent heat island intensities (EHII) in terms of the area. 
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Figure 13. Time series decomposition of the daily urban heat island area during the central heating season. 
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Figure 14. The spatial distribution of the mean land surface temperature (mean LST). 
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Figure 15. Correlation between the heat island area and impervious surface area (ISA). (a) Equivalent heat island area (EHIA) and ISA, and (b) average heat island area (AHI) and ISA. 
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Table 1. Central heating supplies (CHS) in three cities.
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	Year
	Shenyang

(10,000 GJ)
	Changchun

(10,000 GJ)
	Harbin

(10,000 GJ)





	2003
	3222
	4987
	5075



	2004
	4193
	5157
	5580



	2005
	6304
	6305
	6509



	2006
	6046
	5733
	7221



	2007
	7060
	5106
	7808



	2008
	7812
	5951
	8429



	2009
	9146
	6964
	10,488



	2010
	9343
	7571
	9941



	2011
	9900
	7093
	10,551



	2012
	10,654
	6704.2
	12,461



	2013
	11,108
	8083.05
	13,833.5



	2014
	11,877
	8253.75
	15,175.5



	2015
	12,712
	9289.85
	15,674.5



	2016
	13,905.05
	9164.23
	15,830.71



	2017
	15,174
	10,220
	16,906



	2018
	16,369.23
	9718
	17,916



	2019
	16,680.26
	10,185
	18,466.23
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Table 2. Thermal classification based on the mean (E) and standard deviation (STD).
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	Category
	Division





	Hot
	   T  (  x , y  )  ≥ E + STD   



	Medium-hot
	   E + STD > T  (  x , y  )  ≥ E + 0.5 STD   



	Warm
	   E + 0.5 STD > T  (  x , y  )  ≥ E − 0.5 STD   



	Medium-cold
	   E − 0.5 STD > T  (  x , y  )  ≥ E − STD   



	Cold
	   T  (  x , y  )  < E − STD   
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Table 3. The equivalent heat island intensity (EHII) classification method based on the EHI.
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	EHII
	Division





	High
	   F  (  x , y  )  ≥ 0.8   



	Medium-high
	   0.8 > F  (  x , y  )  ≥ 0.6   



	Medium
	   0.6 > F  (  x , y  )  ≥ 0.4   



	Medium-low
	   0.4 > F  (  x , y  )  ≥ 0.2   
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Table 4. Correlation between the equivalent heat island intensity (EHII) and central heating supply. (* indicates the value that fails the P check).






Table 4. Correlation between the equivalent heat island intensity (EHII) and central heating supply. (* indicates the value that fails the P check).












	
	Medium-Low
	Medium
	Medium-High
	High





	D1
	*
	*
	*
	0.84



	D2
	0.49
	0.73
	0.70
	*



	D3
	0.81
	0.62
	0.76
	*
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Table 5. The relative contribution of the central heating supply (CHS) and air temperature (T2) in changing equivalent heat island areas.






Table 5. The relative contribution of the central heating supply (CHS) and air temperature (T2) in changing equivalent heat island areas.










	
	CHS
	T2





	D1
	98.2%
	1.8%



	D2
	98.3%
	1.7%



	D3
	97.9%
	2.1%
















	
	
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
200

150

100






media/file4.png
TRIMS National Egi% GAIA
LST statistics ISA

y

Index construction

Construct equivalent
heat island index

(EHI)
|
v
Calculate equivalent Calculate equivalent
heat island area heat island
(EHIA) intensity (EHII)

Relationship analysis

Relative contribution

Correlation analysis .
analysis

Method comparison

Comparison with Comparison with
single-phase methods mean method






media/file30.png
41°40'0"N  41°45'0"N  41°50'0"N  41°55'0"N

D1 mean LST (2004)

/

\

=

123°10'0"E

41°400"N  41°45'0"N  41°50'0"N  41°55'0"N

123°20'0"E

123°30'0"E

D1 mean LST (2017)

.

123°10'0"E

123°20'0"E

123°30'0"E

0"N  41°55'0"N

0"N  41°50"

41°400"N  41°45

41°40'0"N  41°45'0"N  41°50'0"N  41°55'0"N

Urban extent

]

LST (°C)

.—6.71

1—14.97

Urban extent

]
LST (°C)

.—5.02

1—13.10

44°0'0"N

43°45'0"N  43°50'0"N  43°55'0"N

44°0'0"N

43°45'0"N  43°50'0"N  43°55'0"N

D2 mean LST (2007)

125°10'0"E

125°20'0"E

D2 mean LST (2019)

"

)
125°10'0"E

)
125°20'0"E

44°0'0"N

'O"N  43°55'0"N

43°45'0"N  43°50

44°0'0"N

0"N

43°45'0"N  43°50'0"N  43°55

Urban extent

LST (°C)

. —6.96

L —14.41

Urban extent

]
LST (°C)

. —7.17

. —14.83

D3 mean LST (2006)

Z
- \ﬁ :
> - &
\n =
" L
=+ "
\ <+

Z
in - o
St i
7 =
=+ n
SR

Z
= g
> - &
St =)
W st
=+ "
SR

Z
) Z
in - o
[«a] - N
" %
=+ "
SR

126°30'0"E 126°40'0"E 126°50'0"E
D3 mean LST (2016)

Z
o &
> =
\n =
n o
=+ w
hA

45°45'0"N

Z
=
o - !
st
N N —
"
\
Z
=
vy -
[«
" K
A
1 1 1
126°30'0"E 126°40'0"E 126°50'0"E

45°40'0"N 45°45'0"N

45°35'0"N

Urban extent

]

LST (°C)

. —6.02

L —14.17

Urban extent

]

LST (°C)

. —7.58

- —19.25





media/file26.jpg
Area

Trend

150

s0

170

150

2005

2010

Year

2015






media/file27.png
Area

Trend

Area

Trend

220 240 260 100 300

200

50 150 250

250

0

o
o™

210

DI

2005 2010 2015

Year

2005 2010 2015

Year





media/file18.png
44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

125°10'0"E  125°20'0"E

D2 2003

125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E

D2 2007

125°10'0"E  125°20'0"E

125°10'0"E  125°20'0"E

D2 2011

125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E

D2 2015

125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E

D2 2019

125°10'0"E  125°20'0"E

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

0"N

44°0

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

125°10'0"E  125°20'0"E

D2 2004

125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E

D2 2008

125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E
D2 2012
)
125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E
D2 2016
|
.-

125°10'0"E  125°20'0"E

Level

Medium-low

| Medium
| Medium- high

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

125°10'0"E  125°20'0"E

D2 2005

125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E

D2 2009

:
125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E

D2 2013

:
125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E

D2 2017

125°10'0"E  125°20'0"E

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

125°10'0"E  125°20'0"E

D2 2006

|
125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E
D2 2010
N
t

125°10'0"E  125°20'0"E

125°10'0"E  125°20'0"E

D2 2014

125°10'0"E  125°20'0"E
125°10'0"E  125°20'0"E

D2 2018

125°10'0"E  125°20'0"E

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N

44°0'0"N

43°50'0"N





media/file21.jpg
EHIA (km2)

g

02
250-
g /
; 200-
&
150 150
R=089 R-093
- p<005 - p<005
2000 12,000 22,000 3000 5000 7000 9000 11,000 13,000
CHS (10,000G]) CHS (10,000G])
300
D3
250-
H
E 200-
] (‘,).,./‘»"'
150-
R=086
0.05
100 Lo

3000 8000 13,000 18,000 23,000
CHS (10,000G])





media/file3.jpg
NCEP-
NCAR
T2

TRIMS National
LST statistics

GAIA
ISA

i

Index construction

Construct equivalent
heat island index
(EHI)

+—I—+

Calculate equivalent Calculate equivalent
heat island area heat island
(EHIA) intensity(EHIT)

Relationship analysis

Relative contribution

‘orrelation analysi
s e analysis

Method comparison

Comparison with Comparison with
single-phase methods mean method






media/file22.png
km?2)

p S

EHIA

R=0.93
p <0.05

5000 77000 9000 11,000 13,000

CHS (10,000G))

300 300
D1 D2
250 o2 >3 e 250
® Y o /(\T
. &
200+ < 2004
<
L
[
150+ 150 -
R=0.89
p <0.05
100 . 100
2000 12,000 22,000 3000
CHS (10,000G]J)
300
D3
250+
E\T
&
<2001
<
:D o
s o o
150- .
R=0.86
<0.05
100 . . P
3000 8000 13,000 18,000 23,000

CHS (10,000G])






media/file19.jpg





media/file7.jpg





media/file28.png
Area

Trend

50

170

2010 2015

Year





media/file10.png
D3 EHI (2006)

D2 EHI (2007)

D1 EHI (2004)

Urban extent

: I
s}

N 00T NuLOStoSY N.0.OYoCY NuOSEoST
[l [l [l [l

— =}

N.0.0SSY NuO0StSY N.0OtSY N. 0SSt

Urban extent

=
am
88l
N0ty Nu0ESEr  Nu00SEr  NuOSToEY

_ e N0

N0ty Nu0ESoEr  Nu00SoEF NuOSYoEY

Urban extent

= I
84

Nu0SSoIt  Nu00ScIt  NuOSVoIt  N.0OtoIt

— =}

Nu0SSoIt  Nu00SoT¥  NuOStol¥  Nu0Oto It

126°40'0"E 126°50'0"E

D3 EHI (2016)

126°30'0"E

125°20'0"E

125°10'0"E

123°30'0"E

123°20'0"E

0"E

123°10

—

Urban extent
EHI

N.00So5T N 0SSt N.0OYo St NuO£ €St
[ 1 1 [

)
126°50'0"E

)
126°40'0"E

Nu00S£Y Nu0.Sto ST N.0.0voEY Nu0.SEST

D2 EHI (2019)

D1 EHI (2017)

Urban extent

=
am
88l
Nu0Ooty  Nu0ESoEr  Nu00Sottr  NuOSYoEY

— =}

)
126°30'0"E

Nu0Ooty  Nu0ESEr  Nu00SEr  NuOSTotY

: I

Nu0SSoIt  Nu00SoIt  NuOStol¥  NuOOVoIV

Urban extent

— o

Nu0SSoIt  Nu0O0Soltr  NuOStoIt  NuOOVoIV

125°20'0"E

125°10'0"E

123°30'0"E

0"E

123°20

123°10'0"E





media/file32.png
900

o
700 -
&500 o
&
-
<
9300 - R=0.87
p <0.05
100 '
200 250 300
EHIA (km?)
900
D2
700 A
& 500 -
&
-
<
N 300 -
R=0.97
p <0.05
100 '
170 220 270
EHIA (km2)
900
D3
700 -
500 e
&
-
<
9 300 - R =0.87
p <0.05
100 - ' '
120 140 160 180 200
EHIA (km?)

(a)

900 4 D1

N

-

-
]

ISA (km?)
Ul
=)
S

W

-

-
]

R=0.78
p <0.05

250 300

AHI (km?)

D2

220 270

AHI(km?)

D3

2
o R=0.86
p <0.05

140 160 180 200
AHI(km?)
(b)





media/file14.png
A

D] s D2 3

300

250 -

T
-
-
N

(Tw) VIHA

150 -

100 -





media/file11.jpg
Koskst Komnse

NOBSSH  NOsSr  NOmST  KoSESH

[P A—





media/file6.png
Dl
D2
D3

(Do) &1 ueaw

I I
— o
T

-15

Year





media/file15.jpg
»






nav.xhtml


  remotesensing-14-02327


  
    		
      remotesensing-14-02327
    


  




  





media/file16.png
123°10'0"E  123°20'0"E

123°30'0"E

D1 2003

41°55'0"N

41°45'0"N

41°55'0"N

41°45'0"N

123°10'0"E  123°20'0"E

123°10'0"E  123°20'0"E

123°30'0"E

123°30'0"E

D1 2007

41°55'0"N

41°45'0"N

41°55'0"N

41°45'0"N

123°10'0"E  123°20'0"E

123°10'0"E ~ 123°20'0"E

123°30'0"E

123°30'0"E

D1 2011

41°55'0"N

41°45'0"N

41°55'0"N

41°45'0"N

123°10'0"E ~ 123°20'0"E
123°10'0"E ~ 123°20'0"E

123°30'0"E
123°30'0"E

D1 2015

41°55'0"N

41°45'0"N

41°55'0"N

41°45'0"N

123°10'0"E ~ 123°20'0"E
123°10'0"E ~ 123°20'0"E

123°30'0"E
123°30'0"E

D12019

41°45'0"N 41°55'0"N

41°55'0"N

41°45'0"N

123°10'0"E  123°20'0"E

123°30'0"E

123°10'0"E  123°20'0"E  123°30'0"E 123°10'0"E ~ 123°20'0"E  123°30'0"E

Z | DI12004 £z D1 2005

S S o

i o - v i 4 -
o g 0

5 =

Z & Z

> o =

vy o F v on 4 L
5 S

z 3

123°10'0"E ~ 123°20'0"E  123°30'0"E 123°10'0"E ~ 123°20'0"E  123°30'0"E
123°10'0"E  123°20'0"E  123°30'0"E 123°10'0"E ~ 123°20'0"E  123°30'0"E

Z | D12008 & Z D1 2009

& S o

) - AT 2 -
0 oo

Z 3 3

Z & Z

o S o

w - AN 2 -
5 S

Z T3

123°10'0"E ~ 123°20'0"E  123°30'0"E 123°10'0"E ~ 123°20'0"E  123°30'0"E
123°10'0"E ~ 123°20'0"E  123°30'0"E 123°10'0"E ~ 123°20'0"E ~ 123°30'0"E

z | D12012 £ Z D1 2013

= > o

4 - in -
$ gL

z 3 3

z z z

o S o

W - - W W) - -
5 s

z 3 3

123°10'0"E  123°20'0"E  123°30'0"E 123°10'0"E  123°20'0"E  123°30'0"E
123°10'0"E ~ 123°20'0"E  123°30'0"E 123°10'0"E ~ 123°20'0"E ~ 123°30'0"E

Z | D12016 & Z D1 2017

= > o

W - - W) - -
$ gL

z 3 3

z Z Z

> o 2

z 3 3

123°10'0"E  123°20'0"E  123°30'0"E 123°10'0"E  123°20'0"E  123°30'0"E

Level

|:| Medium-low
|:| Medium
- Medium- high
- High

41°55'0"N
41°55'0"N

41°45'0"N
41°45'0"N

41°55'0"N
41°55'0"N

41°45'0"N
41°45'0"N

41°55'0"N
41°55'0"N

41°45'0"N
41°45'0"N

41°55'0"N
41°55'0"N

41°45'0"N
41°45'0"N

123°10'0"E  123°20'0"E

123°30'0"E

D1 2006

41°55'0"N

41°45'0"N

123°10'0"E ~ 123°20'0"E

123°10'0"E  123°20'0"E

123°30'0"E

123°30'0"E

D12010

41°55'0"N

41°45'0"N

123°10'0"E ~ 123°20'0"E

123°10'0"E ~ 123°20'0"E

123°30'0"E

123°30'0"E

D12014

41°55'0"N

41°45'0"N

123°10'0"E ~ 123°20'0"E
123°10'0"E ~ 123°20'0"E

123°30'0"E
123°30'0"E

D12018

41°55'0"N

41°45'0"N

123°10'0"E ~ 123°20'0"E

123°30'0"E





media/file2.png
41°40'0"N  41°45'0"N  41°50'0"N  41°55'0"N

&

FY MG 7
l’ .‘_5 i i
5kl
PN

r

800()]!0"E

100°9'O"E

120°0'0"E

SOOO:OHN

300()[!0"'N

N

A

O()'IO"N

\
50°0'0\

- .
0 475 950 1900 2850 r
80°0'0"E 100°0'0"E 120°0'0"E

(a)

41°40'0"N  41°45'0"N  41°50'0"N  41°55'0"N

43°45'0"N  43°50'0"N  43°55'0"N  44°0'0"N

125°10'0"E

(b)

120°0'0"E

125°0'0"E

130°0'0"E

SOOO:OHN

45°0'0'N

I .
0 70140 280 420 560

Kilometers

DEM

2522

-114

50°0'0"N

45°0"O"N

40°0'0"N

120°0'0"E

44°0'0"N

43°45'0"N  43°50'0"N  43°55'0"N

125°0'0"E

45°40'0"N 45°45'0"N 45°50'0"N

45°35'0"N

126°30'0"E

130°0'0"E

126°40'0"E

(c)

126°50'0"E

45°40'0"N 45°45'0"N 45°50'0"N

45°35'0"N





media/file20.png
126°30'0"E  126°40'0"E  126°50'0"E
1 D3 2003
Z
=
[Vl
o A
7
<
Z
S "
v 4
m =
7
<
126°30'0"E  126°40'0"E  126°50'0"E
126°30'0"E  126°40'0"E  126°50'0"E
1 D3 2007
Z
=
vy o
© A
7
<
Z
=
(Vo
m =
7
<
126°30'0"E  126°40'0"E  126°50'0"E
126°30'0"E  126°40'0"E  126°50'0"E
]l D32011
Z
S| .f
v
A -
v
<
Z
=
(Vo
(ap) L
7
<
126°30'0"E  126°40'0"E  126°50'0"E
126°30'0"E  126°40'0"E  126°50'0"E
D3 2015
Z
=
v
0 i
7
<
Z
o
vy o
(ap) L
7
<
126°30'0"E  126°40'0"E  126°50'0"E
126°30'0"E  126°40'0"E  126°50'0"E
]l D32019
# o |
Z
=
(Vo
o i
7
<
Z
=
v
(ap) L
7
<
126°30'0"E  126°40'0"E  126°50'0"E

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

126°30'0"E 126°40'0"E 126°50'0"E
1 D32004
z
o
Vol
7
%
<r
z
o
vy -
on
N
<r
126°30'0" 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
1 D3 2008
z
o
vy -
@
o
<r
z
5 |
[Va g
on
N
<r
126°30'0"E 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
1l D32012
z
o
Vol
@
%
<r
z
o
[Va g
on
N
<r
126°30'0"E 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
D3 2016
z
o
Vol
@
%
<r
z
o
vy o
on
N
<r
126°30'0"E 126°40'0"E 126°50'0"E
Level

Medium-low

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

126°30'0"E 126°40'0"E 126°50'0"E
1 D3 2005
z
=
vy -
% i
&
<r
Z m
o
vy -
on .
o
<r
126°30'0"E 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
1 D3 2009
z
o
vy -
o i
&
<r
z
:o [ |
vy o
on .
o
<r
126°30'0"E 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
1 D32013
1
:o |
wq i
o
<r
z
5 |
v o
m =
o
<r
126°30'0"E 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
D3 2017
z '
o
v -
o i
o
<r
z
| |
on -
o
<r
126°30'0"E 126°40'0"E 126°50'0"E

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

126°30'0"E 126°40'0"E 126°50'0"E
1l D32006
Z
=
[V
A i
7
<
Z
=
vy -
(ap) L
7
<
126°30'0"E 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
1l D32010
Z
=
vy -
§|- .
& n
Z
=
[V
(ap) L
"
<
126°30'0"E 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
]l D32014
Z
o
) -
0 |
7
<
Z
=
[V
m -
"
<
126°30'0"E 126°40'0"E 126°50'0"E
126°30'0"E 126°40'0"E 126°50'0"E
D3 2018
Z
o
) -
0 i
7
<
Z
=
vy -
(ap) L
7
<
126°30'0"E 126°40'0"E 126°50'0"E

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N

45°50'0"N

45°40'0"N





media/file23.jpg
DI

R

Mdim-low ®Mdium ®Medium high = igh

02
S y PP PP E
B O
[T ——
0

B

fedium @ Medium high = Hig

<

aMedium-low u!





media/file5.jpg
—e—D1
—=—=D2
—a—D3

L

(D) 21, uedW

-13 4






media/file24.png
Area percentage (%) Area percentage (%)

Area percentage (%)

30
25
20
15
10

5

0

30

20

10

— e N DN WO
O U © i © e O

Dl

N
$° P

N Y
AR\
» 3 >

&
\Y
,-\)Q,» \\

S O O
Q° N N
» AP »

b
O’ " N
P AP P

B Medium-low ®Medium ®Medium- high ®High

D2

5 X OH LA DO O N I D
Q/ N N’ A" NVN' N N’ NN QRS

B Mecdium-low B Medium B Medium- high ®High

D3
5N X H L A S O O N I DD K" S, A WD
Q/ N N’ OV N " N’ N N QRN QRN N S QO
A I AN I BT T M MNP\ IANIANRN

B Medium-low ®Medium ®Medium-high ®High






media/file29.jpg





media/file1.jpg
b T

@ ® ©





media/file31.jpg
D1 o w0
R=087 0
p <005
EHIA (knd) A )
D2 02
Re097 |
P <005
Ak
D3 D3
p <005
EHIA ) Ak
@ ®





media/file25.jpg
DI

Area

H 205 200 s
Year
b2
2 s
2
2005 Em Em

Year





media/file12.png
126°300"E

Nu0.0ScSF NS N.O.SESF

08.SF Nu0.SFo St Nu0.0¥SF Nu0.SEoSY

126°50'0"E

126°40'0"E

Nu0.Stesr Nu00vSF Nu0.S €S





media/file9.jpg
=5
=






media/file0.png





media/file8.png
D1 LST (1 Nov 2004) D2 LST (1 Nov 2007) D3 LST (1 Nov 2006)

Z
o &
z 7 S
j @
& =
= <t
= Z
) Z
" j)
i Urban extent Urban extent St 0 Urban extent
- ) %]
LST (°C) LST (°C) LST (°C)

45°40'0"N

.6.95 . 0.73 . 2.52

45°40'0"N

41°40'0"N  41°45'0"N  41°50'0"N  41°55'0"N
41°40'0"N  41°45'0"N  41°50'0"N  41°55'0"N

43°45'0"N  43°50'0"N  43°55'0"N

43°45'0"N  43°50'0"N  43°55'0"N

Z
> 4
in 15
oA =
| .. ‘A
: ~4.79 -5.76 = ~4.02
123°10'0"E 123°20'0"E 123°30'0"E 125°10'0"E 125°20'0"E 126°30'0"E 126°40'0"E 126°50'0"E
D1 LST (1 Nov 2017) D2 LST (1 Nov 2019) D3 LST (1 Nov 2016)
Z
| = Z
e [ £ , : -
2 L 2 z > e o
i o o - S - o
o] — ) [e]
5 = % = .
% Z . Z S i
E:;’ . + E—% Urban extent :?) i l% Urban extent E’Z ?f Urban extent
i Jum £ o
) , LST (°C) S LST (°C) z _ LST(°C)
= Sl z g 212 2 £ -3.37
7 5 = -2 s 2
o o ° w o
= = A i - %
o
Z Z
5 : z | z z z
21 = o h E 2 S
o o LAl o & o
= 391 7 = ~6.34 < ~13.19

123°10'0"E 123°20'0"E 123°30'0"E 125°10'0"E 125°20'0"E 126°30'0"E 126°40'0"E 126°50'0"E





media/file17.jpg
i
£

H

£

P

£ §

z“‘és






