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Abstract

:

As an indicative parameter that represents the ability of the Earth’s surface to reflect solar radiation, albedo determines the allocation of solar energy between the Earth’s surface and the atmosphere, which plays an important role in both global and local climate change. Urbanization is a complicated progress that greatly affects urban albedo via land cover change, human heat, aerosol, and other human activities. Although many studies have been conducted to identify the effects of these various factors on albedo separately, there are few studies that have quantitatively determined the combined effects of urbanization on albedo. In this study, based on a partial derivative method, vegetation index data and nighttime light data were used to quantitatively calculate the natural climate change and human activities’ contributions to albedo variations in the Jing-Jin-Ji region, during its highest population growth period from 2001 to 2011. The results show that (1) 2005 is the year when urbanization starts accelerating in the Jing-Jin-Ji region; (2) albedo trends are equal to 0.0065 year−1 before urbanization and 0.0012 year−1 after urbanization, which is a reduction of 4/5; and (3) the contribution rate of urbanization increases from 15% to 48.4%, which leads to a decrease in albedo of approximately 0.05. Understanding the contribution of urbanization to variations in urban albedo is significant for future studies on urban climate change via energy balance and can provide scientific data for energy conservation policymaking.
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1. Introduction


Surface albedo is represented by the ratio of reflected shortwave solar radiation in all directions from the Earth’s surface to the total incoming solar radiation [1]. Albedo is an indicator that characterizes the reflective ability of the Earth’s surface via solar radiation and determines the allocation of radiative energy between the Earth’s surface and the atmosphere [2,3,4], making it an imperative parameter that also affects the Earth’s climate [5]. The increase in albedo can reduce the absorption of solar radiation at the Earth’s surface; this lowers the surface temperature and has an equivalent effect on the reduction in CO2 emissions, which mitigates greenhouse effects [6,7,8]. In recent years, there have been many studies focusing on the effects of variations in surface albedo on climate change in both global and local areas [9,10,11,12,13], and some have suggested that the effects that variations in albedo have on climate change are comparable to those of fossil fuel combustion [14,15]. Therefore, identifying changes in albedo is of great significance for further exploring climate change.



The influential factors and causes for change in albedo have been extensively studied. Surface albedo was found to decrease as the surface irregularity increases, and albedo increases with an increasing solar zenith angle, leading to a minimum albedo at noon during diurnal variation [16]. Soil moisture was also found to be an important factor. Some research has revealed that surface albedo decreased with an increase in soil moisture, indicating a typical exponential relationship between them [17]. Furthermore, much research [18,19,20] has revealed that meteorological factors, such as aerosol optical depth, temperature, rainfall and snowfall et al., also contribute to changes in surface albedo. Reflectivity measurements from 61 real-world surfaces in Dana’s study indicated that albedo varies with surface roughness, as well as viewing and illumination directions [21]. Roughness has been well studied by many researchers [22,23,24,25,26], and their results showed that the increase of roughness will make the surface albedo decrease, which was explained by the fact that surfaces with greater roughness or irregularity offer more spaces and cracks where the incident light is trapped [27]. The aforementioned studies mostly focused on a single factor that might affect surface albedo. However, surface albedo is often affected by multiple factors in reality, which complicates the reasons for variations in albedo.



Although the changes in global land surface albedo have been widely studied, the impact of urbanization that human activities induce on albedo is not well understood. As we all know, urbanization is one of the most important aspects of human activities in the terrestrial ecosystem [28,29], and it has a significant impact on regional climate change [30,31]. Climate change in urban areas has received substantial public attention, especially regarding urban heat islands (UHIs) [32,33]; there have been many comprehensive studies on the UHI, including its morphological structure [34,35] and change process [36,37,38]. As a parameter that affects the distribution of solar radiation, surface albedo in urban areas influences surface temperatures in cities to some extent. However, due to the coexisting influences of land cover changes, industrial pollutants, aerosols, and vegetation growth during urbanization [39], changes in urban surface albedo have various uncertainties. Therefore, it is still very difficult to quantitatively analyze the processes of energy distribution and conversion in urban areas. Although existing studies have shown that the decrease in surface albedo is one of the most important causes of urban warming [8,40], the main factor affecting changes in albedo before and after urbanization is still unknown.



Therefore, this study quantitatively calculates the contributions of vegetation and urbanization to surface albedo in the Jing-Jin-Ji region and distinguishes the main driving factors behind its spatiotemporal changes during the most rapid population growth period (2001–2011). Based on the Moderate Resolution Imaging Spectroradiometer (MODIS) global land surface albedo product [41], we used a shift linear regression method [42] to detect the breakpoint year in the albedo time series, and we also analyzed the temporal and spatial patterns of albedo in the Jing-Jin-Ji region. With the nighttime light data from the U.S Air Force Defense Meteorological Satellites Program Operational Linescan System (DMSP/OLS), we used the Digital Number (DN) to represent the intensity of urbanization [43,44]. Combined with the MODIS product of the vegetation index data [45], we quantitatively calculated the contributions of urbanization and vegetation to variations in albedo via a partial derivative-based calculation method to determine the main controlling factors. The aim of this paper is to determine the contributions of urbanization and vegetation to albedo, which influence the urban climate, to provide a case basis for developing urban energy conservation programs.




2. Study Area and Data


2.1. Study Area


The Jing-Jin-Ji region is located in the North China Plain, with the Bohai Sea to the east and the Taihang Mountains to the west. The altitude is higher to the northwest and lower to the southeast, with a total area of 185,000 km2. The area has a typical temperate monsoon climate that is characterized by rainy summers with high temperatures and cold and dry winters. The fastest population growth period in the Jing-Jin-Ji region is from 2000 to 2010 [46]. The Jing-Jin-Ji urban agglomeration is one of the three major urban agglomerations along the eastern coast of China due to active economic activities. The fast-growing population and rapid urbanization make it a hotspot for urbanization-related scientific research in China [47,48]. To select representative cities, Beijing (BJ), Tianjin (TJ), Shijiazhuang (SJZ), Handan (HD), Tangshan (TS), and Baoding (BD) are chosen, as they have populations greater than one million based on the 2012 China City Statistical Yearbook, in order to identify the differences in albedo for each city during urbanization. The study area is shown in Figure 1, and the GlobeLand30 data for 2000 and 2010 are used for the statistics in this area (Table 1). The results (Table 1) show that the largest decreasing areas were characterized by cultivated land (−6.33%, from 2000 to 2010), while the largest growth areas were characterized by shrub lands (5.42%), followed by artificial land surfaces (1.31%).



Besides, we made a statistic about the typical albedo value for each type of land cover based on the MODIS albedo products from its multiyear average value (Table 1).



Although the albedo mean values exhibit little difference between 2010 and 2000 due to the coarse resolution of albedo (compared to GlobeLand30), we can still see differences among land cover types. So, we just list the typical albedo values in 2010 in the table above, where shrublands have the largest albedo mean value (0.137), and artificial surfaces have a relatively small albedo value which is just bigger than wetland and water bodies.




2.2. Surface Albedo Data Set


The MODIS 16-day 1 km albedo products (MCD43B3, collection5) from 2001 to 2011 were used in this study. The product contains the black-sky albedo (BSA) and the white-sky albedo (WSA), which can be used to calculate the actual (blue-sky) albedo based on the fraction of diffuse skylight [49,50]. Considering the small difference and high correlation between BSA and WSA [44,51,52,53], WSA was used as the index of albedo in this study. MODIS surface albedo products have been validated on a global scale, and the accuracy has been demonstrated to be suitable for studies on climate change [54,55]. We synthesized the 8-d intervals for albedo into yearly scales for the contribution analysis. The corresponding albedo quality data (MCD43B2, collection5) were also used to avoid the effects of snow cover.




2.3. Vegetation Index Data


The monthly MODIS Enhanced Vegetation Index (EVI) product (MOD13A3) with a spatial resolution of 1 km was used. This product was generated based on atmosphere-corrected bidirectional surface reflectance, where the atmospheric effects of water, clouds, and aerosols were removed [56,57]. This product has been widely used in studies regarding global vegetation monitoring, land cover changes, and climate researches [58,59].




2.4. Nighttime Light Data


Nighttime light signals detected by remote sensing satellites derive from the Defense Meteorological Satellite Program (DMSP), specifically from its visible and near infrared sensors named Operational Linescan System (OLS). DMSP/OLS nighttime light data are widely used in research regarding urban areas, such as estimating urban population [60], extracting urban extent [61], measuring urban expansion [62], and exploring human activities and its impacts on the environment in urban areas [43] etc. DMSP/OLS nighttime light data (Version 4) were used in this study, whose spatial resolution is 1 km. We excluded pixels without light (DN = 0) to ensure that there were human activities in every part of our study areas. In addition, an invariant target area method [63,64,65] for image correction was used to perform continuous and saturation corrections on the data. Using this method, we gained a nighttime light data time series with comparable DN values, which have been used to identify the urbanization [44].




2.5. GlobeLand30 Landcover Data


GlobeLand30 is one of the global land cover map products at a 30-m resolution, which was produced with a pixel-object-knowledge (POK)-based operational mapping approach [66]. The classification system includes ten land cover types, namely cultivated lands, forests, shrublands, grasslands, wetlands, water bodies, tundra, artificial surfaces, permanent snow and ice, and barren lands for the years 2000 and 2010. The overall classification accuracy is over 80% [67], and it has been widely validated in many other researches [68,69].





3. Methods


3.1. Urban Area Extraction


Based on DMSP/OLS data, the urban areas in 2000 and 2010 were extracted using a clustering algorithm [61]. Urban core area, fringe area, and rural area are characterized by metropolitan morphology, and urban fringe is a transition zone from urban to rural areas [70,71,72]. In this study, the core areas and the fringe areas are studied in urban expansion. Core Area is extracted by DMSP/OLS in 2000, and it is the place where the central part of the city is located. The area where the fringe area in 2000 turned into the core area in 2010 was named the Expanded Area. In order to identify this urban sprawl process of each city, the Expanded Area was defined as the urban area extracted in 2010 (excluding the Core Area). The Fringe Area in this study was defined as the buffer zone whose areas were equal to the urban areas extracted in 2010 (Figure 1). The Core Area, Expanded Area, and Fringe Area can represent not only the old urban area, the new urban area, and the suburbs, but also the initial stage, middle acceleration stage, and final stage of the urbanization process, respectively.




3.2. Breakpoint Analysis


A shift linear analysis method [42,73] was used to identify the breakpoint in the albedo time series. The idea behind this method is determining the point where the slope changes significantly in the time series before and after the point. The calculation method is as follows:


   A i  =  {       b 1  +  k 1   t i  ,      t i  <  b 3         b 2  +  k 2   t i  ,      t i  ≥  b 3         



(1)




where    A i    denotes the albedo in the ith year;    t i    denotes the ith year; and     b  1  ,  b 2  ,  b 3  ,  k 1    and    k 2    are the fitted parameters. Among them,     k  1    and    k 2    represent the slopes of the fitted line,    b 1      and   b  2    represent the fitted intercepts, and    b 3    represents the breakpoint position.



The Chow test which is generally used to detect changes in time series was applied to test the significance in this study and the formula is expressed as follows:


  F =    S 1  −  S 2  −  S 3     S 2  +  S 3    ·    N 1  +  N 2  − 2 c  c   



(2)




where    S 1  =   ∑   i = 1  n    (  A i  −   A ^  i  )  2    indicates the sum of square errors of the time series. For the former    N 1    number of the time series,    S 2  =   ∑   i = 1    N 1      (  A i  −   A ^  i  )  2    indicates the sum of square errors of the former time series, and    S 3  =   ∑   i = 1    N 2      (  A i  −   A ^  i  )  2    indicates the sum of square errors of the latter    N 2    number of the time series. c is the number of the estimated parameter in the whole time series.




3.3. Interannual Variation Rate Calculation


A simple linear regression model was used to calculate the interannual variation rate. Using the albedo time series as an example, the interannual variation rate of each pixel is equal to the slope of the trend line via the least-squares regression of the multiyear value in each pixel. The calculation for the slope is as follows:


   K A  =  (  n ×   ∑   i = 1  n  i ×  A i  −  (    ∑   i = 1  n  i  )   (    ∑   i = 1  n   A i   )   )  /  (  n ×   ∑   i = 1  n   i 2  −    (    ∑   i = 1  n  i  )   2   )   



(3)




where    K A    represents the interannual variation rate of albedo, n represents the number of years, i denotes the ith year, and    A i    denotes the albedo value in the ith year. A positive slope value indicates an increasing trend, while a negative slope indicates a decreasing trend.



The significance of the calculated tendency is determined by an F test. The calculation formula is expressed as follows:


  F = R ×  (  n − 2  )  / Q  



(4)




where   Q =   ∑   i = 1  n    (  A i  −   A ^  i  )  2    indicates the sum of square errors, and   R =   ∑   i = 1  n     (    A ^  i  −  A ¯   )   2    represents the regressed square sum.    A i    denotes the albedo value in the ith year,     A ^  i    denotes the albedo regression value in the ith year,   A ¯   denotes the mean albedo value across all years, and n denotes the number of years.



This method has also been applied to the calculation of interannual variation rates for vegetation and urbanization, where    K V    and    K U    represent the interannual variation rate of vegetation and urbanization, respectively.




3.4. Contribution Analysis


Urbanization and vegetation are two main factors that affect variations in albedo. In our study, the annual variation rate of albedo in each pixel is expressed by the contributions of vegetation (V), urbanization (U), and other factors ( Δ ) (formula (5)).


   K A  = C  ( V )  + C  ( U )  + C  ( Δ )   



(5)




where    K A    represents the interannual variation rate of albedo. C(V), C(U), and C( Δ ) represent the contributions of vegetation, urbanization, and other factors to the interannual variation rate of albedo, respectively. The vegetation contribution calculation method [74] is as follows:


  C  ( V )  =   ∂ A   ∂ V   ×  K V   



(6)







   K V    represents the slope of the linear regression line for the multiyear EVI time series. A denotes albedo, V denotes EVI, and     ∂ A   ∂ V     (S(V)) represents the sensitivity of albedo to EVI. This sensitivity term was derived as a partial derivative via the multiple regression of albedo on EVI and DMSP/OLS. Positive and negative values of this sensitivity term reflect the positive and negative correlations between the analyzed factors and albedo, respectively. The magnitude of the absolute value of the sensitivity coefficient indicates whether the relationship between the factors and albedo is strong or weak (the greater the value, the stronger the relationship). The contribution of urbanization (C(U)) can also be calculated via the sensitivity of albedo to urbanization(S(U)) and KU in the same way.



Due to the spatial differences in the contribution intensity from vegetation and urbanization in different regions, the relative contribution percentage of vegetation, urbanization, and other factors to changes in albedo can be expressed with the following equation [44]:


  P  ( V )  =    |  C  ( V )   |     |  C  ( V )   |  +  |  C  ( U )   |  +  |  C  ( Δ )   |    × 100 %  



(7)






  P  ( U )  =    |  C  ( U )   |     |  C  ( V )   |  +  |  C  ( U )   |  +  |  C  ( Δ )   |    × 100 %  



(8)






P(∆)=100 − P(V) − P(U)



(9)




where,   P  ( V )  ,   P  ( U )    and P(∆) represent the relative contribution percentage of vegetation, urbanization, and other factors, respectively.





4. Results


4.1. Albedo Variations and Spatial Patterns


The average albedo of the Jing-Jin-Ji region from 2001 to 2011 was 0.12 ± 0.02 and the spatial distribution of the multiyear mean albedo is shown in Figure 2. According to this spatial pattern, the albedo increased from the Central Business District (CBD) to the suburbs, and a majority of the Core Area had the lowest mean value of albedo compared to that in other areas. Based on the shift linear regression method [42], the results of the breakpoint detection showed that 2005 was the breakpoint year for the ~10 years of albedo data. With the Chow test, the p-value of the breakpoint detection was 0.002, which was substantially less than 0.05 and significant. The trend in albedo from 2001–2005 (T1 period) was the highest (6.5 × 10−3 year−1, p < 0.05), with a lower trend of 1.2 × 10−3 year−1 (p > 0.05) from 2006–2011 (T2 period), whereas the lowest trend occurred from 2001–2011 (T3 period; 0.78 × 10−3 year−1 at p > 0.05). These trends show big differences in the T1 and T2 periods. The albedo trend during T2 was approximately 1/5 the trend during the T1 period, which led to a reduction in albedo of approximately 0.05. This indicates that the long-term growth trend of albedo was suppressed after 2005 due to several influential factors.



To identify the factors contributing to this difference, we explored the spatial patterns of albedo before and after the breakpoint (Figure 3).



From 2001–2005 (Figure 3a), the albedo showed an increasing trend (k > 0) in over 99.5% of the whole region, while the number of pixels with a decreasing trend (k < 0) in albedo was small and accounted for only 0.5% of the total area. The percentage of the area where the albedo had significant trends (p < 0.05) is 13.2%, in which the percentage of the significant increasing trend (p < 0.05) was 13.13% and the significant decreasing trend (p < 0.05) was 0.07%. Albedo showed a general increasing trend in the study area. Spatially, from southwest to northeast, the interannual variation rate of albedo gradually decreased. Pixels of decreasing trends were mainly distributed across the northern fringe areas and along east coast areas near Bohai Bay.



From 2006–2011 (Figure 3b), the albedo generally had a lower increasing trend than that in 2001–2005. The percentage of the area of increasing albedo trends decreased to 94%. In addition, the area of decreasing albedo trends increased, which accounted for 6% of the total area, distributed in the northern and eastern coastal areas. The area of significant albedo trends (p < 0.05) was 11.11%, in which the area of increasing trends (p < 0.05) took up 10.44% of the whole area and the area of decreasing trends took up 0.67%.




4.2. Urbanization Spatial Patterns


In this study, we use the interannual variation rate of the DN values from corrected DMSP/OLS nighttime light data to define the urbanization rate (Figure 4) and study the developmental characteristics in the Jing-Jin-Ji region during T1 and T2 periods.



From 2001 to 2005 (Figure 4a), the urbanization rate in most parts of the Jing-Jin-Ji region was less than 2 year−1, and the urbanization rate in only a few areas of the Expanded Area surrounding Beijing, Tianjin, and Tangshan was greater than 5 year−1. After 2005 (Figure 4b), although the rate of urbanization in the urban Core Area almost decreased to 0, the rate of urbanization in other areas increased significantly, and the urbanization area increased significantly, indicating that there is rapid urbanization occurred after 3 April 2005.




4.3. Sensitivity of Urbanization and Vegetation to Albedo


Numerous studies have shown that vegetation and urbanization are two major factors that cause changes in surface albedo [21,75]. For vegetation, different types of vegetation have different levels of albedo. For example, forests usually have a lower albedo (0.05–0.2) while grasslands have a higher albedo (0.16–0.26) [76]. In addition, changes in surface roughness caused by vegetation growth are also responsible for changes in albedo. In a similar way, surface roughness also changed with the process of urbanization. Land cover changes in the process of urbanization play a decisive role in the properties of three-dimensional surfaces in urban areas, which equally has a decisive influence on albedo in urban areas. The three-dimensional surfaces formed by buildings and roads etc. create large inner spaces and cracks for lights to transfer, which result in the multiple reflection of lights, trapping lights, and leading to a decrease in albedo. Considering that the units of vegetation data and nighttime light data are not uniform, and the range of values for these data is quite different, the corrected DMSP/OLS data in this study has been normalized. The sensitivity of albedo to vegetation and urbanization intensity is calculated by multiple linear regression. The spatial distribution patterns of each factor’s sensitivity term during different periods, as well as their variations, are shown in Figure 5. The sensitivity of albedo to vegetation and urbanization displays differences in period T1 and period T2.



In period T1 (2001–2005), the sensitivity of albedo to urbanization showed a significant spatial distribution difference, of which the fifth percentile was −0.006 and the 95th percentile was 1.95. Spatially, the relatively high positive S(U) is mainly concentrated in the surrounding areas of major cities, such as Beijing, Tianjin, and Tangshan, positive-correlated to albedo. In contrast, S(U) in other regions is much smaller and generally negative, which has a weak negative correlation with albedo. In these regions, the sensitivity of albedo to vegetation(S(V)) shows high positive sensitivity, especially in the southeastern plains. In summary, urbanization has stronger promoting effects on albedo around large cities and has much weaker suppressing effects on albedo in other regions, where vegetation plays a promoting role in these areas.



In period T2 (2006–2011), instead of concentrating in areas surrounding large cities, the sensitivity of albedo to urbanization shows a regional diffusion feature compared to that in T1. In total, 72% of the S(U) is positive, and the fifth percentile of S(U) is −0.24 and the 95th percentile is 0.73. As the sensitivity of urbanization increases over a large area, the sensitivity of vegetation decreases significantly and extensively. In total, 53% of the vegetation sensitivity(S(V)) shows negative effects and mainly ranges from −0.4 to 0 (i.e., vegetation tends to inhibit the increase in albedo during this period).



From T1 to T2, the sensitivity of albedo to vegetation generally decreases and changes from positive to negative. The effect that this change causes is that the strong increased effect of vegetation on albedo turns into a weak decreased effect. However, the sensitivity of albedo to urbanization has extensively increased. The increased effects of urbanization on albedo exist not only in areas surrounding large cities during T1, but also in other large areas during T2, although the sensitivity intensity is much larger in T1 than that in T2.




4.4. Effects of the Influential Factors on Changes in Albedo


The sensitivity of albedo to vegetation and urbanization indicates a correlation between albedo and various factors. Because it is dimensionless, this correlation does not quantify the effects of various factors on albedo. Therefore, our study also quantifies the effects of vegetation and urbanization on albedo based on sensitivities. The effects of each factor on the interannual variation rate of albedo are shown in Figure 6.



From 2001–2005, the area with positive effects of vegetation on the interannual variation rate of albedo comprised more than 80% of the entire region (Figure 6). The areas with negative effects of vegetation mostly existed in the surrounding areas of cities and partially in the northern area of the study region. Urbanization had extensive positive effects on albedo, which were distributed around large cities. Shijiazhuang, Handan, and their surrounding areas had greater positive effects on variations in albedo compared to those from Beijing, Tianjin, and Tangshan, with the greatest effects exceeding 0.01 year−1. The effects in other regions were almost 0. Other factors had both positive and negative effects on variations in albedo, but most of these effects were positive and located in Shijiazhuang, Handan, and their surrounding areas, with effects greater than 0.01 year−1. In the northern part of the region, the effects of other factors on albedo were almost in the range of −0.005 to 0.005 year−1. The statistics of the relative contributions of each factor (Figure 7) show that from 2001–2005, the relative contribution percentage of vegetation, urbanization, and other factors was 44%, 15%, and 41%, respectively. Urbanization had the lowest contribution to regional albedo, whereas vegetation and other factors were the two main controlling factors in variations in albedo, which were both greater than two times the amount of contribution from urbanization. One thing that must be explained is that due to the type and distribution differences of each factor, the spatial heterogeneity was relatively obvious. As a result, some pixels were under the absolute control of vegetation, and some were under the absolute control of urbanization, which led to an expected large standard deviation (STD) value for each factor’s contribution.



From 2006–2011, the effect of vegetation on variations in albedo mainly ranged from −0.005 year−1 to 0.005 year−1, which was generally lower than that from 2001–2005 (Figure 6). Over 99% of the urbanization effects on albedo were positive. The areas effected by urbanization expanded although the value of this effect decreased compared to the urbanization effect from 2001–2005. The effect of other factors was distributed uniformly across the study area, ranging from −0.005 to 0.005. From 2006–2011, the relative contribution percentages of vegetation, urbanization, and other factors to albedo (Figure 7) were 24%, 48.5%, and 27.5%, respectively. Urbanization became the highest contribution factor, which increased by more than 200%. In contrast, the contributions from vegetation and other factors decreased by 20% and 13.5%, respectively.



The relative contribution percentages of vegetation, urbanization, and other factors to albedo are different not only in size, but also in spatial distribution pattern (Figure 8).



Although the relative contribution percentage of each factor for the whole region is approximately 30% from 2001 to 2011 (Figure 7), the dominant controlling factors are different in different regions (Figure 8). From 2001–2011, the variations in albedo were mainly controlled by vegetation in the southeast and parts of the eastern region. Other regions were mainly controlled by urbanization, especially in regions surrounding cities, except for the Core Area, which was largely affected by both vegetation and other factors. From 2001–2005, the locations where the urbanization contribution was greater than 60% were the Expanded Area and the Fringe Area, while other regions were mostly controlled by vegetation. Other factors playing dominate roles were distributed in the triangular region formed by Beijing, Tianjin, and Tangshan, as well as near the connecting line between Shijiazhuang and Handan. From 2006 to 2011, the contributions of vegetation and other factors showed a significant reduction. The contribution percentage of vegetation was generally lower than 20%, whereas the contribution percentage of urbanization increased substantially in other regions (generally greater than 60%), except for the Core Area, where the urbanization contribution percentage was equal to zero. Other factors mainly affected the changes in albedo in the Core Area and a partial region near the connecting line between Shijiazhuang and Handan.




4.5. Urbanization in Representative Cities


According to the above analysis, urbanization transformed from a secondary influential factor from 2001–2005 into a major influential factor from 2006–2011, indicating that the effect of urbanization on regional albedo has increased since the breakpoint year (2005). However, the urbanization intensity of each individual city is substantially different. The Core Are, Expanded Area, and Fringe Area in our study represent the initial stage, middle acceleration stage, and final stage of the urbanization process, respectively; why is albedo different during these different urbanization stages? What are the main controlling factors for these areas? Are there any regional differences among the impact factors? We still do not know much about these issues. Therefore, in this paper, we also calculate the relative contribution percentages of vegetation, urbanization, and other factors in different functional areas (Figure 9).



For each individual city, the variations in albedo in Core Areas are mostly affected by other factors (Δ), followed by vegetation, and the contribution of urbanization is minimal. The average contribution percentages of vegetation, urbanization, and other factors are 34.5%, 8.4%, and 57.1%, respectively, in the Core Area. This result indicates that because the Core Area is generally composed of old cities that have generally completed urbanization, the influence of human activities on the variations in albedo is basically at a stable level; therefore, the urbanization contribution to albedo (8.4%) is much smaller than the contributions from other factors and vegetation. In the Core Area of the six major cities, other factors contribute more during T2 than those during T1 in 84% of our cities. Vegetation contributes more during T2 than that during T1 in 67% of our cities. The urbanization contribution decreases during T2 compared to that during T1 in 100% of our cities. It is safe to say that the contributions from vegetation and other factors in the Core Area will increase with time, while the contribution from urbanization will decrease.



In the Expanded Area, the average contribution percentages of vegetation, urbanization, and other factors were 26.5%, 46.7%, and 26.8%, respectively, and urbanization was the most important contribution factor in the Expanded Area. Spatially, compared to the Core Area, urbanization had the greatest change in the Expanded Area, with an increase of 456%; the contributions of other factors and vegetation decreased by 53% and 23%, respectively. Temporally, the urbanization contribution percentage decreased to various degrees during T2 compared with that during the T1 period. Meanwhile, the vegetation contribution percentage increased in 67% of the cities, while the contribution percentage of other factors decreased. However, Beijing and Tianjin, whose populations are greater than five million, showed the opposite effect; that is, the vegetation contribution percentage decreased slightly in the Expanded Area, while the contribution of other factors increased significantly. For small cities, urbanization accompanying land cover change might have been finished in the Expanded Area and there would be no land cover changes for several years at least in the future, due to the limited population and limited population increasing ability. So, the number of the residents living in this area is relatively stable, which could lead to the stable growth of the vegetation and green space for a comfortable living environment. Thus, the contribution of vegetation will increase. On the contrary, for Beijing and Tianjin, which are the two biggest cities in the Jing-Jin-Ji area, they have been maintaining a fast-speed of urbanization for a long time. With reference to the Globeland30 land cover maps, we know that land cover changes are still happening, and they happened in the Expanded Area. That is to say, the urbanization process is going on in Expanded Areas in Beijing and Tianjin. So, due to the limited urban space, the rate of green space to urban space in Beijing and Tianjin would be smaller than small cities. Thus, the contribution of vegetation in Expanded Area in these big cities is relatively small compare to those in small cities.



In the Fringe Area, the average contribution percentages of vegetation, urbanization, and other factors were 24.9%, 45.8%, and 29.3%, respectively. Compared to the Expanded Area, the urbanization contribution percentage in the Fringe Area decreased, but it was still the dominant contribution factor. However, the vegetation contribution percentage decreased, and the contribution rate of other factors increased. Temporally, the contribution percentage of urbanization increased significantly from period T1 to period T2, and the contribution of other factors decreased significantly. The vegetation contribution percentage also slightly decreased in most of the cities.



In summary, from the Core Area to the Fringe Area, the spatial urbanization contribution percentage rapidly increases at first, followed by a slow increase. The vegetation contribution percentage rapidly declines during period T1, while it slowly declines during period T2. The contribution of other factors decreases quickly during period T1, but slowly increases during period T2. Temporally, the urbanization contribution in the Core Area and the Expanded Area decreases over time, whereas the contribution of vegetation increases. In the Fringe Area, the urbanization contribution increases rapidly with a rapid decrease in vegetation contribution. The other factors only have a significant increase in the Core Area, with decreasing trends in the Expanded Area and Fringe Area.





5. Discussion


In our study, nighttime light data were corrected to characterize the changes in urbanization intensity by the DN value and various functional regions of the city were extracted to express the various stages of urbanization. Combined with the vegetation index data, we quantitatively analyzed the contribution of urbanization and vegetation to variations in albedo. The contribution analysis method used in this study is a partial derivative method, which is widely used in studies on the effects of climate on hydrological dynamics [77,78] and studies on climate response [74,79]. Based on the results of this quantitative analysis, we concluded that the significant increase in the urbanization contribution and the decrease in the vegetation contribution after 2005 were the main reasons for the significant decreasing growth rate of albedo after 2005. In terms of mechanisms, this was consistent with previous conclusions on urban albedo; that is, urbanization could cause a decrease in albedo, which is generally correlated to the surface roughness. For example, albedo observations based on model experiments from Aida [16] showed that multiple reflections of solar radiation in urban canyons increased the absorption of solar radiation in cities, resulting in a reduction in urban albedo. Kondo [80] used the Monte Carlo ray tracing method to show that building height affects albedo, and low-rise buildings have a high albedo. The impact of urban areas, which are one of the most densely populated areas, on urban albedo is multi-fold [81,82,83,84]. On one hand, urbanization is accompanied by changes in land cover. In general, the process of transition from a village to a city involves replacing natural surfaces (e.g., farmlands and forests) with impervious surfaces (e.g., cement and asphalt). Due to the changes in the thermal conductivity of the Earth’s surface, albedo changes, and the water and heat exchange between the Earth’s surface and the atmosphere also changes. The 3D solid surface formed during urbanization has resulted in an increase in surface roughness [16,76,80,85,86] and solar radiation absorption [77], which share the same mechanism with soil roughness and soil albedo. Inner spaces enable the multiple reflection of lights, which increases the absorption of radiation. For this reason, urban areas usually have low albedo [8]. The multiyear average of reflectivity calculated by MODIS albedo products also showed this rule; that is, that albedo in urban areas is generally low (Figure 2). On the other hand, the ability of cities to attract people is also obvious. Urban areas account for approximately 0.5% of the total land area in the world, but they accommodate more than half of the world’s population [87]. Due to the complexity and uncertainty of the human activities during the urbanization process, it is very difficult to identify the urbanization effects. The DN value of the night-time lights data is used as the index of urbanization intensity, which could show comprehensive impacts of human activities. This enables us to simplify the impact of urbanization on albedo changes and helps us to quantify the contribution of urbanization and vegetation to the changes in albedo from a macro perspective.



As the parameter indicating the surface’s ability to reflect solar radiation, albedo plays a key role in the energy balance at the surface, and the effects of albedo on climate change have raised substantial attention from many scholars. Akbari et al. [88] simulated the long-term effects of urban albedo growth using a mesoscale complex global climate model (UVic Earth System Climate Model), and it was believed that an increase in surface albedo by 0.01 over a square meter could reduce the long-term global temperature by 3 × 10−5 K, which was equivalent to reducing CO2 emissions by 7 kg [89]. Sailor [8] analyzed the surface albedo in Los Angeles based on a three-dimensional meteorological model and found that albedo increased by 0.14 in urban regions and 0.08 in basin areas, which could reduce the maximum heat by 1.5 °C in summer. Based on a mesoscale atmospheric model, Humdi [40] analyzed the intensity of UHIs and found that the increase in albedo over three types of urban surfaces (walls, roofs, and roads) could reduce the UHI both during the day and at night. Wang et al. [89] analyzed the impact of land use change in urban regions on extreme heat events with the Weather Research and Forecasting model (WRF) in Jing-Jin-Ji and found that an increase of the albedo on urban roofs from 0.12 to 0.85 could reduce the urban mean temperature by 0.51 °C, which was equivalent to 80% of the heat caused by urban expansion in the last 20 years. Menon [7] increased the albedo of roofs and roads using the GEOS-5 basin surface pattern, and the result showed that increasing the albedo of roofs and roads by 0.25 and 0.15, respectively, could result in approximately 57 Gt of CO2 from global urban regions. Compared with the aforementioned study, it is clear that the decrease of albedo (approximately 0.05) in the Jing-Jin-Ji region, caused by the increasing urbanization contribution and the decreasing contribution of vegetation over 2001–2011, is in a relatively reasonable numerical range, and the effects of this variation in albedo on urban temperature are not negligible. Urbanization could change both the urban morphology and the urban environment. Energy-budget parameters are also varied during this process. The heat-trapping morphology of the 3-D surface and the reduced areas of vegetation and water bodies both contribute to albedo variation and could result in urban climate change [82,90]. The decrease of the albedo (~0.05) in our result showed that there might be a high possibility of temperature changes due to urbanization, and it could also affect the UHI in this area. In this way, the difference between the vegetation and urbanization contribution to albedo might be useful in urban planning to mitigate the intensity of the UHI, and helps to offer better comfort conditions to residents [91,92,93].



Because of the significant influence of albedo on temperature in urban areas, increasing the albedo in urban areas to mitigate the urban heat island intensity has become an important aspect of urban energy conservation research. Taha [94] found that the changes in urban albedo via whitewashing could save 35% of the cooling peak power and 62% of the cooling energy. The research of Akbari [95] also showed that urban trees and high albedo could potentially reduce air conditioning energy by 20%, which would save about $10 billion a year in energy costs and help improve urban air conditions. Therefore, it is necessary and meaningful to understand the reason why urban albedo changes during the process of urbanization, which would be helpful for future studies on urban climate change and for the development of urban energy conservation strategies.



There have been many detailed studies on the factors that may influence albedo, such as the solar zenith angle [16], the underlying surface regime [21], soil moisture [96,97], and meteorological conditions [98,99,100]. Based on a mathematical statistics method, our study quantitatively calculated the contributions of multiple factors to urban albedo in each pixel and identified the main contribution factors, which is one of the highlights of our study. However, our study is still insufficient. Because the basis of the calculation method in our study was a comprehensive differential equation, we cannot evaluate the uncertainty of the results. Instead, we can only compare the results with other studies or use other auxiliary data to validate the reliability of our conclusions. Second, one of our study conclusions was that the contribution of albedo in the Expanded Area that also includes the new urban areas and in the suburb-located Fringe Area was mainly affected by urbanization. Since our study simplified the urbanization process, more specific reasoning, such as why urbanization is the dominant factor, still requires more detailed scientific research in the future. Third, we used the DN value of the DMSP/OLS nighttime light data to represent the urbanization intensity, but whether or not this index can assess urban development levels accurately has not been evaluated. In addition, there are many types of nighttime light correction methods, but the methods used in Cao [63] were applied in this study due to the adequate correction effect and more applicable study area (China). However, whether or not this method can be applied at a global scale remains to be explored. Finally, as we have only taken the fastest population growth period (~10 years) into consideration, the length of the time series is relatively short. Therefore, the impact of data length still needs to be evaluated.




6. Conclusions


Based on remote sensing data, we explored the spatiotemporal distribution patterns and variation characteristics of albedo in the Jing-Jin-Ji region. In addition, a quantitative approach based on partial derivatives was applied to calculate the contribution of urbanization and vegetation to albedo variability.



The results showed that albedo changed greatly before and after 2005. Albedo variation was mainly contributed by vegetation (44%) and other factors (41%) before 2005. However, after 2005, large-scale urbanization became the main controlling factor that affected the change in albedo, with a contribution proportion of 48.5%, and the vegetation and other factors contributions were 24% and 27.5%, respectively. Spatially, the contribution percentage of urbanization gradually increased from the Core Area to the Fringe Area, and the contribution percentage of vegetation gradually decreased. Temporally, the contribution of urbanization in the Core Area and Expanded Area decreased with time, and the contribution of vegetation increased. In contrast, the impact of urbanization in the Fringe Area increased, while that of vegetation decreased. Other factors (e.g., extreme weather, natural disasters et al.) contributed more to albedo variation in Core Areas than other areas, and exhibited an increasing trend over time.



In summary, our paper provides a method via mathematical statistics to quantitatively estimate the contribution of urbanization and vegetation to albedo changes in urban areas. Understanding the spatiotemporal differences in albedo via dominant factors will help us perform additional research on urban climate change, especially regarding temperature changes in urban areas. At the same time, it can also provide a data foundation for developing urban energy conservation policies.
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Figure 1. Land cover distribution pattern extracted by GlobeLand30 in 2000 in the Jing-Jin-Ji region. 
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Figure 2. Spatialtemporal variation of albedo in the Jing-Jin-Ji region from 2001 to 2011. (a) Spatial distribution of the multiyear average albedo, and (b) the yearly average albedo and its trends in 2001–2005 (red line), in 2006–2011 (blue line), and in 2001–2011 (orange line) since 2005 is the breakpoint year. p stands for p-value, which is gained from an F test in a simple linear regression model. 
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Figure 3. Spatial distribution of the annual change rate of albedo in (a) 2001–2005, (b) 2006–2011, (c) and their relative frequency in different slopes range of the study area. 
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Figure 4. The spatial pattern of urbanization rate. (a) Represents the urbanization rate in T1 (2001–2005), and (b) represents the T2 (2006–2011). 






Figure 4. The spatial pattern of urbanization rate. (a) Represents the urbanization rate in T1 (2001–2005), and (b) represents the T2 (2006–2011).



[image: Remotesensing 10 01096 g004]







[image: Remotesensing 10 01096 g005 550] 





Figure 5. Spatial pattern of albedo sensitivity to vegetation and urbanization. T1 means the period from 2001 to 2005, T2 means 2006 to 2011,  Δ T represents difference between T2 and T1, S(V) represents sensitivity of albedo to vegetation (    ∂ A   ∂ V     ) in which A denotes albedo and V denotes EVI, S(U) represents the sensitivity of albedo to urbanization (    ∂ A   ∂ U     ) in which A denotes albedo and U denotes DMSP/OLS, and S(V), S(U) were calculated via multiple regression of albedo to EVI and DMSP/OLS. 
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Figure 6. Spatial distribution and statistics of the effects of vegetation, urbanization, and other factors on interannual variation in albedo in T1 (2001–2005) and T2 (2006–2011). C(V) represents effects of vegetation on albedo, C(U) represents the effects of urbanization on albedo,   C ( Δ  ) represents effects of other factors on albedo, and the statistics of the relative percentage of vegetation, urbanization, and other factors in T1 and T2 are calculated based on the study area. 
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Figure 7. Average contribution percentages of vegetation (P(V)), urbanization (P(U)), and other factors (  P  ( Δ )   ) to the interannual variation of albedo in the study area in T1 (2001–2005), in T2 (2006–2011), and in T3 (2001–2011). Std represents the standard deviation. 
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Figure 8. Spatial patterns of relative contribution percentages for vegetation (P(V)), urbanization (P(U)), and other factors (P( Δ )) in the T1, T2, and T3 period. T1 means the period from 2001 to 2005, T2 means 2006 to 2011, and T3 means 2001 to 2011. 
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Figure 9. Relative contribution percentages of vegetation (P(V)), urbanization (P(U)), and other factors (P( Δ )) in different functional areas (Core Area, Expanded Area, and Fringe Area) of cities in T1 (2001–2005), and T2 (2006–2011). BJ, TJ, SJZ, HD, TS, and BD represent Beijing, Tianjin, Shijiazhuang, Handan, Tangshan, and Baoding, respectively. 
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Table 1. Typical albedo values of individual land covers in 2010, and the statistic percentage of each land cover type in 2000 and 2010. Mean is the spatial mean value of the multiyear average albedo in study areas, std is the standard deviation, and variation is the percentage difference between 2010 and 2000.






Table 1. Typical albedo values of individual land covers in 2010, and the statistic percentage of each land cover type in 2000 and 2010. Mean is the spatial mean value of the multiyear average albedo in study areas, std is the standard deviation, and variation is the percentage difference between 2010 and 2000.





	Land Cover Types
	Mean
	Std
	Percentage in 2000
	Percentage in 2010
	Variation





	cultivated lands
	0.118
	0.018
	77.32%
	70.99%
	−6.33%



	forests
	0.115
	0.020
	6.88%
	6.64%
	−0.23%



	grasslands
	0.122
	0.022
	0.03%
	0.03%
	0.00%



	shrublands
	0.137
	0.011
	0.69%
	6.11%
	5.42%



	wetlands
	0.101
	0.026
	0.46%
	0.45%
	−0.01%



	water bodies
	0.104
	0.025
	2.55%
	2.39%
	−0.15%



	artificial surfaces
	0.113
	0.023
	12.06%
	13.37%
	1.31%



	barelands
	0.127
	0.016
	0.02%
	0.02%
	0.00%











© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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