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Abstract

:

Land use and land cover change (LUCC) has been increasingly recognized as having important effects on climate systems. Paddy fields, one kind of artificial wetland, have seen a significant increase in the Sanjiang Plain, China since 2000 and have become the most typical LUCC at the regional scale. Against this background, in this paper, we discuss the effects of this artificial wetland increase on surface temperature, in addition to its driving mechanisms. Firstly, the spatiotemporal variations of land surface temperature (LST) and its two driving variables (albedo and latent heat flux (LE)) in the Sanjiang Plain are analyzed and assessed based on remote sensing observation information from 2001 to 2015. Our results from both spatial distribution difference and time series analysis show that paddy field expansion led to day-time cooling and night-time warming over the study area. However, the LST changes show different characteristics and magnitudes in the spring (May to June) compared to the other months of the growing season (July to September). The daytime cooling trend is found to be −0.3842 K/year and the warming trend at night 0.1988 K/year during the period 2001 to 2015, resulting in an overall cooling effect in May and June. In July–September, the LST changes have the same sign but a smaller magnitude, with a −0.0686 K/year temperature trend seen for the day-time and a 0.0569 K/year increase for the night-time. As a consequence, a pronounced decrease in the diurnal temperature range is detected in the growing season, especially in spring. Furthermore, albedo and LE are demonstrated to be very sensitive to land use changes, especially in the earlier periods of the growing season. Correlation analysis between LST and albedo and LE also indicates the dominant role played by evapotranspiration in paddy fields in regulating local temperature.
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1. Introduction


Land use and land cover change (LUCC) plays an important role in regulating climate systems at different scales ranging from the global and regional to the local [1,2,3,4,5,6]. LUCC can alter land surface properties and subsequently influence surface heat and moisture in addition to greenhouse gas exchanges between the surface and atmosphere [7,8,9]. Although LUCC impacts on global climate based on different climate models were evaluated in the Intergovernmental Panel on Climate Change’s (IPCC’s) fifth assessment, the relative effects of biogeophysical feedback of LUCC on regional climate still lack comprehensive assessment [6,10]. Numerous studies have documented the spatiotemporally varied role that LUCC plays in modifying climate systems [5,11,12,13], among which deforestation and afforestation in different heat zones and different time periods is the most typical type of LUCC identified [14,15,16,17]. At the local to regional scale, which in the context of this paper was considered an area of 104 km2 or larger [18,19], the climate effects of LUCC in some typical areas may be considerably more significant than those at the global scale, and the magnitude of the effects can be similar to or even stronger than the climate change induced by greenhouse gases [8,20,21,22]. Meanwhile, different types of LUCC, such as urbanization, deforestation, desertification, irrigation, and wetland reclamation, can also contribute to different climate responses [23,24,25,26,27,28,29,30,31]. In this paper we focus mainly on the climatic effects of artificial wetland increase.



Containing the physical properties of both water and vegetation, wetlands have been regarded as cooling pools [32,33]. In contrast to urban areas wetlands redistribute more latent heat energy than sensible heat energy to the atmosphere and have cooling effects [27,34]. With higher evapotranspiration due to both water evaporation and vegetation canopy transpiration, wetlands are usually cooler than their surrounding drylands [35,36,37]. As a long-term natural change the magnitude of the cooling effects is similar to or even higher than the warming effects induced by urbanization [34,38]. Based on field observation, Bai’s study has shown the obvious cooling effects of wetlands on the ambient environment of the Zoige Plateau in China [33]. Gao et al. have documented the cold–humid effects of different kinds of wetlands in the Sanjiang Plain and found that the effects were closely related to the standing water depth and vegetation height [38]. Zhang et al. have demonstrated that the magnitude of cold–humid effects in wetlands is mainly influenced by vegetation type and wetland area [36,37,38]. However, although in situ station observation has the best reliability, it cannot cover continuous regions or illustrate spatial climate change patterns due to wetland changes [39]. Regional climate modeling is an effective and widely used approach employed to assess climate sensitivity due to wetland changes. Schneider and Eugster have simulated the climatic impacts of historical wetland drainage in Switzerland based on the “Lokal Modell” and found that wetland decrease can lead to different climatic characteristics and magnitudes in cold compared to warm seasons [40]. Guo’s study based on a regional climate model (RegCM) has shown that wetland shrinkage in the “Three-River Headwaters” of China brings less rainfall and warmer temperatures [41]. Thiery et al. have discussed the impact of African great lakes on regional climate and their results showed that the largest lakes cooled the annual near-surface air by 0.6 to 0.9 K on average [42]. Different regional climate models, parameter scheme selections, and representations of land surface may result, however, in varying responses to LUCC [7,43], which increases the uncertainty of the effects. It should be noted that remote sensing can provide a more direct method to evaluate the effects caused by local land use changes and their mechanisms [39,44].



Unlike slow wetland natural change, paddy field expansion, which involves a typical artificial wetland type, is in some regions rapid and substantial [45]. This short-term and abrupt land use change may bring about climate effects as important as those of urbanization at regional or local scales based on our previous studies [46,47], but this phenomenon lacks deep understanding and full attention. In the Sanjiang Plain in China, farmers tend to change their planting configuration from rainfed farmland to paddy fields instead of wetland reclamation because of national agriculture policy adjustments and ecological protection policies [7,48,49]. A large amount of paddy field expansion instead of wetland reclamation has become the main LUCC process since 2000 [45]. Hence, it is very important to understand climate responses to other rapid human-induced land use change that does not occur at the expense of destroying the ecological environment.



In this paper, based on remote sensing data, we first evaluate land surface temperature changes due to paddy expansion based on three methods and then analyze the corresponding changes of two critical land surface parameters or processes, albedo and latent heat flux (LE). Finally, we discuss the correlation between land surface temperature (LST) and albedo and LE and illustrate the driving mechanism of paddy field expansion in different growing seasons with regard to the local or regional climate. In summary, our study demonstrates the climatic effects of potential wetland restoration on regional climate, which will be helpful for wetland protection and recovery. Furthermore, our study provides new and direct evidence of the impact of short-term abrupt land use changes on regulating regional climate.




2. Materials and Methods


2.1. Study Area


The Sanjiang Plain, located in China’s north-east, extends from 45°01′00” N to 48°27’56” N in latitude and 130°13’00” E to 135°05’26” E in longitude. Previous studies have shown that the Sanjiang Plain has experienced significant land use changes since the 1950s, with a large area of marshes having been reclaimed into farmland over the past 60 years [27,45,47,50,51]. However, since 2000, because of a comparative income change, farmers have tended to cultivate rice instead of corn. As a result, conversion from rainfed farmland to paddy fields has become the main land use change, with this change able to lead to obvious climatic change at local and regional scales [27,47].



Land use distribution in 2001 and 2015 as shown in Figure 1 indicates that the land use pattern of the Sanjiang Plain was dominated by forest and farmland (including rainfed farmland and paddy fields). Land use maps for 2001 and 2015 were developed with human–computer interaction and interpretation based on Landsat 5 Thematic Mapper (TM) images for 2001 and Landsat 8 Operational Land Imager (OLI) images for 2015. The overall accuracy was 91.2% and the kappa index was 0.88 [47]. From 2001 to 2015, paddy fields increased from 1.28 × 104 km2 (11.8% of the total area) to 2.85 × 104 km2 (26.2% of the total area), with rainfed farmland decreasing from 4.0 × 104 km2 (36.7% of the total area) to 3.37 × 104 km2 (31.0% of the total area). The land use change map shown in Figure 1c also shows that paddy field expansion was the most obvious land use change during the period 2001 to 2015 within the Sanjiang Plain, for which expansion in rainfed farmland was dominant, followed by marshes and grassland. Considering the large area of marsh drainage here during the past century, this kind of land conversion is dramatic, and has had likely opposing effects on the climate. Corresponding land surface characteristic changes have made this area an effective case with which to study the impacts of land use change or land management adjustment on regional climate.




2.2. Data Processing and Method


In this study we mainly used remote sensing data to extract the direct influence of land use changes on LST as well as land surface albedo and latent heat flux LE, which are two of the most important parameters of the land–atmosphere process. The 8-day composite MOD11A2 Version 6 dataset was used to extract day-time and night-time LST values, which were named LSTD and LSTN, respectively [52]. We used the MCD43A3 Version 6 Albedo Model dataset to extract shortwave white sky albedo values for the study area [53]. The MOD16A2 Version 6 Evapotranspiration/Latent Heat Flux product was used to obtain LE values for the study area [54]. The spatial resolution of these datasets was resampled to 1 km. The composite time values for LST (LSTD and LSTN), albedo, and LE were aggregated to monthly means during 2001 to 2015. As the growing season in the Sanjiang Plain extends from May to September, we only extracted the data for this period when analyzing our results. Taking account of the typical physical properties of paddy fields, namely, that they are characterized by standing water in May and June, we divided the growing season into two periods: May and June, and July, August, and September. The following section will cover comparison and trend analyses for the two periods separately.



Based on land use data, pure rainfed farmland pixels and paddy field pixels, in addition to MODIS data at identical locations and resolutions, were extracted for each year from 2001 to 2015. In order to distinguish the LST differences between rainfed farmland and paddy fields, in addition to verifying the temperature change caused by paddy field expansion, two groups of these pixels were selected. Group A represented unchanged rainfed farmland (5730 pixels) and paddy fields (1575 pixels) during the period 2001 to 2015, while Group B represented paddy field pixels converted from rainfed farmland (2929 pixels). The locations of these pixels have been shown in Supplementary Materials Figure S1.



Influences of other anthropogenic and natural forces should be eliminated when studying regional or local climate change effects resulting from land use changes [40]. In our study, we used three approaches to evaluate the temperature responses due to paddy expansion from rainfed farmland:




	
Regional statistical mean LST difference between rainfed farmland and paddy fields. The difference in LSTD and LSTN between rainfed farmland and paddy fields for each month (j) were calculated by


  Δ L S T  D j  =     ∑   i = 1  n  ( L S T  D  r j  i  − L S T  D  p j  i  )  n   



(1)






  Δ L S T  N j  =     ∑   i = 1  n  ( L S T  N  r j  i  − L S T  N  p j  i  )  n   



(2)




where   L S T  D  r j  i    and   L S T  N  r j  i    are the day-time and night-time LST for the j-th month and i-th year for rainfed farmland in Group A, while   L S T  D  p j  i    and   L S T  N  p j  i    are the day-time and night-time LST for the j-th month and i-th year for paddy fields in Group A. n is equal to 15 and the i-th year represents years from 2001 to 2015.



	
LST difference for the whole Sanjiang Plain between the end (2011–2015) and start (2001–2005) periods of our study period. Though this method involved climatology influences and interannual variation, it was the most intuitive way to illustrate the LST change corresponding to paddy field expansion. The albedo and LE changes were also obtained this way. Here, a t-test was used to verify the change significance of the LST, albedo, and LE for rainfed farmland, paddy fields, and change pixels between the two time periods.



	
Time series analysis. Liu et al. (2019) have illustrated a warming trend in the Sanjiang Plain for the period the 1950s to 2015 [27]. To eliminate the impacts of climate warming, LST, albedo, and LE were rescaled to 0–1 before we conducted our time series analysis.


  N V a r =   V a  r j  − V a  r  m i n     V a  r  m a x   − V a  r  m i n      



(3)




where NVar is the rescaled variable, which was LST, albedo, or LE;   V a  r j    is the variable value at pixel j; and   V a  r  m a x     and   V a  r  m i n     are the maximum and minimum values for the region at specific times, respectively. Then, an ordinary least square (OLS) regression was used to extract change trends for LST, albedo, and LE at each grid. The slope of the fitting function was calculated as


  S =   n ×   ∑   i = 1  n  i × N V a  r i  −   ∑   i = 1  n  i   ∑   i = 1  n  N V a  r i    n ×   ∑   i = 1  n   i 2  −       ∑   i = 1  n  i    2     



(4)




where   N V a  r i    is the rescaled variable value for year i, n is equal to 15 in this study, and S is the slope for the changing tendency during the period 2001 to 2015. A value of S greater than 0 indicates an increasing trend, while a value less than 0 indicates a decreasing trend. Statistical tests based on a betainc t-test were conducted and only pixels with a significant change trend (p < 0.05) were illustrated and analyzed. The data processing was based on R software. Finally, the actual change trend for each variable was able to be formulated as


  T r e n d = S ×     ∑   i = 1  n    V a  r  m a x  i  − V a  r  m i n  i     n   



(5)




where   V a  r  m a x  i    and   V a  r  m i n  i    are the regional maximum and minimum variable values, respectively, for the i-th year. The difference between S and Trend is that Trend is not dimensionless.








In the statistical analysis of the LST, albedo, and LE time series, the pixels of Group B, which represented paddy field expansion, were used to extract the change trend for each variable, while the pixels in Group A were used as verification.





3. Results


3.1. Impact of Land Use Change on LST, Albedo, and LE


Based on the 15-year time series LST data and the pixels of Group A, the regional average LST for rainfed farmland and paddy fields in the Sanjiang Plain was extracted. The monthly average LST differences between rainfed farmland and paddy fields, as well as the diurnal temperature ranges (DTRs) for rainfed farmland (DTR_R) and paddy fields (DTR_P) from 2001 to 2015, are shown in Table 1.



Throughout the entire growing season, the day-time LST in rainfed farmland can be seen to have been higher than that in paddy fields, while the night-time LST was the opposite. In comparison to the day-time LST difference between rainfed farmland and paddy fields, the magnitude of the night-time LST difference was smaller, contributing to overall cooler paddy fields and warmer rainfed farmland during the growing season. In May and June, the LSTD in rainfed farmland was 6.00 and 6.59 K higher than that in paddy fields, respectively, while the LSTN was 2.76 and 2.40 K cooler. As a result, the higher day-time temperature and cooler night-time temperature contributed to a larger diurnal temperature range for rainfed farmland than for paddy fields. In May and June, the DTR difference between the two farmlands was as high as 8–9 K. It also should be noted that the LST difference in August and September was not as obvious as that in May and June when standing water under the crops is most abundant.



To gain another perspective, we compared the spatial distribution of day-time LST and night-time LST between the periods 2011–2015 and 2001–2005 in the study area, as shown in Figure 2. The upper panels (Figure 2a,b,g,h) illustrate the LST for the period 2001–2005, the middle panels (Figure 2c,d,i,j) display the LST for the period 2011–2015, and the lower panels illustrate the LST changes during these two time periods. The left panels (Figure 2a–f) show the day-time LST and its changes while the right panels (Figure 2e–j) show the night-time LST and its changes. Figure 2a,c,e,g,i,k show the LST for the May–June period and Figure 2b,d,f,h,j,l shows the LST for the July–September period.



As we did not eliminate effects from the climate change background, the LST changes shown in Figure 2 involve effects from both land use changes and climate variations for the period 2001–2015. For the paddy field expansion areas, day-time LST in May and June in 2011–2015 was obviously cooler than that in 2001–2015 (Figure 2e), while night-time LST showed opposite warming effects (Figure 2k). From July to September, day-time LST in the farmland regions was cooler in 2011–2015 compared to that in 2001–2005, while it was warmer in the forest regions (Figure 2f). Night-time LST was consistently warmer in 2011–2015 (Figure 2l). Liu et al.’s (2018) study documented how temperature of the growing season during the period 2001–2015 displayed an increasing trend based on reanalysis data in the study area, which ignored climatic effects caused by land surface heterogeneity [47]. This suggests that effects from land use changes dominated land surface temperature changes in May and June and that climate disturbances may have been the main contributor to the land surface temperature increase during the period July to September.



Pixels of both Group A and Group B were used to extract LST changes for rainfed farmland and paddy fields in the Sanjiang Plain, as well as changes due to land use conversion from rainfed farmland to paddy fields, between the periods 2001–2005 and 2011–2015. The results are shown in Table 2.



It is not difficult to observe that conversion between the two cultivated strategies contributed to obvious LST changes. The statistical results show that day-time LST decreased 4.23 ± 1.64 K in May and June and 0.88 ± 0.83 K in July to September while night-time LST increased 3.92 ± 1.88 K in May and June and 1.75 ± 0.53 K in July to September. It should be noted that LST in unchanged cropland also showed some disturbances but this was not as significant as with the paddy expansion pixels. Climatology variation, vegetation cover fraction changes, and vegetation health condition changes, etc., could be reasons for the LST changes between these two time periods [40].



From another perspective, if we assume that the LST changes for the unchanged pixels represent the climate change background in this region while the LST changes for the changed pixels represent climate change due to both LUCC and the climate change background, we can estimate the contribution of LUCC to regional climate change. Generally, day-time LST change for unchanged cropland across the whole growing season was not significantly different from zero, indicating that the climate background in the day-time was relatively stable from 2001 to 2015. Night-time LST changes for unchanged cropland during the growing season showed a temperature increase of more than 1 K between the two time periods, indicating that, in the Sanjiang Plain, night-time temperature increase may be its dominant climate change characteristic. After separating the effects from the climate change background (the LST changes for the changed pixels minus the LST changes for the unchanged cropland pixels, including both rainfed farmland and paddy fields), the paddy expansion actually led to 3.84 K day-time cooling and 2.64 K night-time warming in May–June, which accounted for 91% and 67% of the LST change, respectively. In July–September, the magnitude of the LST responses due to LUCC was much smaller, i.e., 0.76 K day-time cooling and 0.67 K night-time warming, which contributed to 86% and 38% of the LST change, respectively.




3.2. Albedo and LE Responses under Different Land Use Patterns


At the regional scale, land use changes affect temperature mainly through biogeophysical processes [1]. Albedo and evapotranspiration (quantified by latent heat) are the critical parameters for radiation and non-radiation processes, respectively, through which land use changes ultimately influence climate systems [39,55]. Warming or cooling effects are decided by the counteraction between albedo–temperature feedback and the evapotranspiration process [43,56].



Albedo and LE for 2001–2005 and 2011–2015 are displayed in Figure 3. The changes in albedo and LE between the periods 2011–2015 and 2001–2005 reflect the impact of land use change on the two variables. The left panels (Figure 3a,b,c,d,e,f) show albedo across different years and seasons, as well as its changes across different time periods, while the right panels (Figure 3g,h,i,j,k,l) show LE. The upper panels display albedo (Figure 3a,b) and LE (Figure 3g,h) for 2001–2005, the middle panels display albedo (Figure 3c,d) and LE (Figure 3i,j) for 2011–2015, and the lower panels display albedo (Figure 3e,f) and LE (Figure 3k,l) changes between the two time periods. Figure 3a,c,e,g,i,k show the variables for May–June while Figure 3b,d,f,h,j,l show the variables for July–September.



Both albedo and LE showed different spatial distribution patterns for the periods 2001–2005 and 2011–2015. For the paddy field expansion areas, albedo changed from relatively high values to extremely low values in May and June, while in July to September, albedo showed a small, opposite-tending trend. Due to more standing water and a shorter vegetation canopy, the albedo of paddy fields was lower than that of rainfed farmland early in the growing season. However, when the plant height of corn exceeds that of rice, the vegetation canopy, rather than soil moisture, becomes the main restriction factor for albedo, and, as a result, albedo in some paddy fields was found to be even higher than that of rainfed farmland. By contrast, LE during the whole growing season showed a similar increasing trend between the periods 2011–2015 and 2001–2015. It is noteworthy that the regional spatial heterogeneity of LE in 2011–2015 showed a significant reduction compared with that for 2001–2005. The results suggest that the albedo changes seem to be more local and mainly focused on areas that have undergone land use change, while the LE changes are more regional, with effects not restricted only to areas of land use change but also their surrounding areas.



We used the pixels in Group A and Group B to detect albedo and LE changes between the periods 2011–2015 and 2001–2005. The results are shown in Table 3.



Conversion from rainfed farmland to paddy fields led to a 0.037 ± 0.013 albedo decrease in May and June and a 0.015 ± 0.008 increase in July to September, which was significantly different from that of both rainfed farmland and paddy fields themselves. The LE increased 0.016 ± 0.006 (108J/d/m2) in May and June and 0.010 ± 0.009 (108J/d/m2) in July to September due to paddy field expansion from rainfed farmland. Unchanged rainfed farmland and paddy fields also showed similar trends, but the magnitude was smaller. As expected, the results also indicated that albedo and LE changes were affected not only by land use changes but also climate changes and energy and water interactions between land surface and atmosphere at the regional scale.



Generally, albedo changes for the unchanged pixels showed a 0.007 decrease in May–June and a 0.011 increase in July–September, while LE changes showed increases of 0.014 × 108 J/d/m2 and 0.008 × 108 J/d/m2 in May–June and July–September, respectively. After separating the effects from the climate change background, paddy expansion actually led to a 0.03 albedo decrease in May–June and a 0.004 albedo increase in July–September which contributed to 81% and 27% of the overall albedo changes, respectively. LE changes due to LUCC were not as obvious as those of the albedo, which increased 0.002 × 108 J/d/m2 during the growing season, and only account for 13% and 20% of the LE increase in May–June and July–September, respectively.




3.3. LST, Albedo and LE Change Trends During the Period 2001–2015


To eliminate the influence of climate disturbances, climatology variations, and data uncertainties on the results, we conducted a time series analysis based on normalized LST, albedo and LE for the period 2001–2015. The linear regression results are shown in Figure 4. The upper panels illustrate the change trend of day-time LST (Figure 4a,b), night-time LST (Figure 4c,d), albedo (Figure 4e,f) and LE (Figure 4g,h) over the study area for May–June and July–September, respectively, during the period 2001–2015. To avoid the influence due to mixed pixels, we used the pixels of Group B to extract the change trend of these variables caused by the land use conversion from rainfed farmland to paddy fields, as shown in the lower panels of Figure 4.



Generally, the change slopes for LST, albedo, and LE for May–June were much higher than those for July–September, indicating that the LST, albedo, and LE changes were concentrated in the former period of the growing season when the vegetation canopy was not big enough. In addition, more grids in May–June showed a significant change trend compared to those in July–September at a 95% level of confidence. Specifically, the regional average day-time LST decreased 0.09 K/year in May–June, with 34.6% of the total area changes being significant, out of which 89.6% of grids showed a decreased trend. The regional average night-time LST change trend in May–June was 0.04 K/year, with 44.5% of the total area showing significant changes, of which 50% of grids were mainly located in farmland areas showing an increasing trend and the other 50% mainly located in forest areas showing a decreasing trend. In July–September the significant grid proportion was much smaller compared to that in May–June, which was 21.7% and 24.1% for day-time and night-time LST changes, respectively. The May–June albedo decreased 0.00003/year during the period 2001–2015, with 52% of the Sanjiang Plain changing significantly, of which 47.3% decreased significantly, while the July–September albedo showed the opposite trend, with a 0.00008/year albedo increase for the whole region and 24.9% of grids changing significantly. The LE increased 0.04 MJ/d/m2/y across the whole growing season, with 50.0% and 23.5% of grids in the study area showing significant changes in May–June and July–September, respectively, and 88.0% and 92.4% of the significant grids showing an increasing trend.



Furthermore, the spatial distribution map of the change trend (Figure 4) suggests that the significant change trend area for LST, albedo, and LE was highly consistent with the areas where the rainfed farmland had been transformed into paddy fields. Specifically, 86.9% and 79.3% of the paddy field expansion pixels showed a significant day-time LST decrease in May–June and July–September, while 80.7% and 83.8% of the paddy field expansion pixels showed a significant night-time LST increase in May–June and July–September, respectively. Furthermore, 74.3% and 75.6% of the paddy field expansion pixels showed a significant LE increase in May–June and July–September, respectively, while 88.3% of the paddy field expansion pixels showed a significant albedo decrease in May–June and 77.8% of these pixels showed a significant albedo increase in July–September. The statistical analysis based on the pixels in Group B (the lower panels in Figure 4) illustrates that day-time LST had a cooling trend while night-time LST had a warming trend in both May–June and July–September. The day-time cooling trend was −0.3842 K/year and the warming trend at night was 0.1988 K/year, resulting in an overall cooling effect of about −0.0927 K/year in May and June. In July–September, the LST change showed the same sign but the magnitude was smaller, with a 0.0686 K/year temperature decreasing trend in the day-time and a 0.0569 K/year increase in the night-time, respectively. As a result, the DTR decreased significantly in the paddy field expansion areas.



We have also shown time series changes for two main parameters, albedo and LE, which dominate the radiation and non-radiation processes, respectively, that influence regional climate. Figure 4e,f illustrate the albedo change trend in May–June and July–September while Figure 4g,h shows the LE change trend in May–June and July–September, respectively. In contrast to the LST changes, the spatial pattern of albedo changes is quite different in May–June and July–September. In May–June, 52% of our study area showed significant albedo changes while only a small number of grids in July–September showed significant changes, especially for the paddy field expansion areas. The statistical results for the pure pixels indicated a consistent albedo decrease in May–June which was 0.0022/year, with R2 = 0.9265. Contrary to the albedo decrease in May–June, the albedo in July–September increased at a rate of 0.0005/year, which means that the albedo increase led to a cooling effect due to less absorbed solar radiation. LE throughout the whole growing season had an increasing trend for almost the whole region. The LE changes showed more regional characteristics compared with the local changes of LST and albedo. For the paddy field expansion pixels, the LE increased 0.1144 MJ/d/m2/year in May–June and 0.0803 MJ/d/m2/year in July–September, respectively.




3.4. Relationship between LST and Land Surface Parameters


From the above section, it is clear that there was good consistency between the LST changes and the albedo and LE changes. In this section, we discuss the relationship between LST and its driving factors. In the day-time, LST was mainly influenced by albedo and partitioning of surface energy, while night-time LST was more sensitive to heat capacity [7,57,58]. Irrigation in the paddy fields significantly increased the water content of soil across the whole growing season [46], which explains why the paddy fields were warmer than the rainfed farmland at night. However, the process was more complicated in the day-time because of the offset or accumulating impact of albedo and LE [44]. Thus, in this section we focus only on the relationship between day-time LST and albedo and LE. To make the results more convincing, we use rescaled day-time LST, albedo, and LE data in this section. The range of the three variables is between 0 and 1. The spatial distribution of correlation coefficients between day-time LST and albedo and LE is shown in the upper panel of Figure 5. The correlation analysis results for pixels of Group B, i.e., for conversion from rainfed farmland to paddy fields, are shown in the lower panel of Figure 5.



Spatial distributions of the correlation coefficients between day-time LST and albedo shown in Figure 5a indicate that 19.8% of the whole study area in May–June showed a significant correlation, 84.9% of which was positively correlated; 20.8% of the grids showed a significant correlation between day-time LST and LE and 91.4% were highly negatively correlated (Figure 5b). It should be noted that most of the highly correlated grids were located in paddy field expansion areas. Based on the energy balance equation, we can deduce that in May–June the LE played a dominant role in regulating LST and offset the effects from albedo changes. In July–September, the correlation between LST and both albedo and LE was not as significant as it was in May–June. Only 11.0% of the grids were significantly correlated between LST and albedo and 8.45% were significantly correlated between LST and LE (Figure 5c,d). In contrast to the positive correlation between LST and albedo in May–June, 72.4% of the significant grids showed a negative correlation, indicating the negative feedback between albedo and LST. This means that in July–September the albedo and LE had a synergy effect on LST.



The statistical analysis of the paddy expansion pixels (Figure 5e–h) illustrates that in May–June, day-time LST and albedo were highly positively related, while day-time LST and LE were highly negatively related, with R2 = 0.8273 and R2 = 0.4391, respectively, and both significant at the p < 0.05 significance level, indicating that low albedo and high LE corresponded to low day-time LST. With lower albedo, paddy fields tend to absorb more shortwave radiation, potentially leading to a warming effect. However, an overall cooling effect was observed in our results, suggesting that the net energy increase was counteracted by a greater latent heat loss and higher surface heat flux transport. This means that energy redistribution, rather than net radiation energy, plays a more important role in regulating local temperature, a finding which is in accordance with our previous works [27,46,47]. The higher correlation coefficient between day-time LST and albedo proves that albedo effects are more direct compared to those of LE [39].



In July–September the relationship between day-time LST and its two contributors was much weaker (R2 = 0.1942 and R2 = 0.028), but both showed negative correlation coefficients. Higher albedo in this period helps paddy fields reflect more energy and bring about a cooling effect; at the same time, more energy is transmitted to the atmosphere through latent heat and a cooling effect is also produced. Nevertheless, the accumulated cooling effects did not cause the day-time LST to be much cooler in July–September (Figure 4b) because of their low correlation and lesser significance.





4. Discussion


4.1. Advantages and Uncertainties of Detecting Regional Climate Responses Using Remote Seensing


Numerous observations and model simulations have detected the climate warming trend globally, particularly since 2000 [59]. However, global climate change has various driving factors and complicated geophysical and geochemical impact processes [7,60,61], and it is often difficult to distinguish these drivers from each other. Hence, evaluating climatic effects caused by land use changes without considering climatology changes can lead to significant uncertainties in results. In order to reduce this uncertainty, we used three evaluation methods based on remote sensing to illustrate and compare the impact of paddy field expansion on local surface temperature. The first method used multi-year regional average values to evaluate the LST difference due to LUCC, which eliminated the influences of climate fluctuation on the results; however, the results of this analysis could have been influenced by different geographic conditions such as latitude and elevation of each pure pixel and the distributions of the samples. As the Sanjiang Plain is a relatively small region with similar geographical properties, particularly for farmland, the first method proved to be effective in evaluating temperature responses. The second method avoided this limitation and detected LST changes for each LUCC pixel for the periods 2001–2005 and 2011–2015. However, this method involved effects from climate change. The third method rescaled the LST and comprised time series analysis for each grid pixel, which effectively eliminated the limitations described by the first two methods but with higher requirements for data quality. Through comparing the results from these three methods we can better understand the relationship between land use change, climate change, and climate response.



Compared with climate models, remote sensing has been proven to be a more effective and direct approach to generate local climatic effects due to land use changes [39,44]. Many previous studies have shown that the source of some limitations and uncertainties of model experiments originate from a lack of consistency in (1) the implementation of LUCC, (2) the representation of crop phenology, (3) the parameterization of albedo, and (4) the representation of evapotranspiration for different land cover types [43,62]. The MODIS data used in our study had relatively high spatial and temporal resolution, being a 1 km and 8-day or 16-day composite, and was able to generate good and consistent representation of LUCC, crop phenology, albedo, and vegetation and soil evapotranspiration, especially in long term monitoring. As remote sensing data are based on indirect methods of observation, the quality of the retrieval method may strongly influence the quality of assessments performed with these data. The MOD11 LST product is based on a combination of two algorithms; one of these algorithms retrieves both temperature and emissivity and the other uses prescribed values of emissivity to obtain temperature values [52]. Surface emissivity estimation is critical to LST retrieval and LUCC will definitely impact that emissivity. The emissivity in MOD11A2 was estimated by a classification-based emissivity method according to land cover types in the pixels determined by the input data in land cover (MCDLC1KM) and daily snow cover (MOD10_L2) [52]. However, the MCDLC1KM product does not distinguish paddy fields from rainfed farmland, which means conversion from rainfed farmland to paddy fields does not change emissivity significantly in MOD11A2 products. In reality, the increase in water content of the soil in paddy fields tends to increase the emissivity and, as a result, decrease the LST, which suggests that the estimated LST changes in this study may have some warming bias in the paddy field expansion areas. Similarly, the algorithms used to extract LE in MOD16A2 considered land cover to be one of the input elements [54], making it difficult to distinguish the spatial differences between rainfed farmland and paddy fields; this maybe one possible reason why LE showed less spatial heterogeneity between different croplands. Furthermore, although white sky albedo can reflect surface actual albedo properties [44], a lack of description of atmospheric conditions may add uncertainties to our results.




4.2. The Driving Mechanisms of Regional Temperature Change


It should be noted that in this paper we discuss LST responses caused by wetland increase and its two important driving factors, albedo and LE. As our previous studies have already documented how to use the energy balance to evaluate temperature effects and their corresponding contributors [27,47], in this paper we focused on direct temperature, albedo, and LE changes, in addition to their correlations, based on remote sensing, rather than describing the energy balance and exchanges. From our results, the land surface parameters albedo and latent heat flux showed corresponding changes due to paddy expansion, especially for the spring season. Many previous studies have demonstrated that both radiation and non-radiation processes ultimately determine temperature responses due to LUCC [7,14,43,56]. Albedo changes dominate total absorbed radiation energy, while evapotranspiration latent heat is the main factor of heat redistribution [7,55]. As a result, overall temperature effects result from the superposition of or counteraction between the two processes. Our results provided good examples of both radiation and non-radiation effects. Land surface temperature was positively correlated with albedo and negatively correlated with LE in spring and negatively correlated with both albedo and LE in summer. In spring, paddy fields were found to have lower albedo, which increased net radiation at the surface and should have increased the temperature; however, the significant increase in evapotranspiration consumed more energy than the net increase in radiation. This means that during May and June, evapotranspiration rather than albedo was the main driving factor for the temperature changes. For the summer season, increased albedo and LE improved the cooling effects. This conclusion is in agreement with our previous study, which discussed LST response mechanisms due to paddy expansion based on energy balance analysis [47]. However, our study showed inconsistent results with those of Schneider (2007) [41], who simulated historical wetland drainage in Switzerland and showed 0.1–0.2 °C cooling in the warm season, in which albedo increase played the dominant role. Compared with the table-based albedo change from the Schneider (2007) study, the magnitude of remote sensing-based albedo change between paddy fields and rainfed farmland in our study area was not excessively high, indicating that our results were more reliable than those using fixed table values, particularly for regional studies.




4.3. Future Research


Cold–humid effects from wetlands have been demonstrated via numerous field observations [32,33]. In this paper, we mainly focused on cold effects. However, our results also reflect the effects of humidity. Higher LE not only indicates that high latent heat was redistributed from the net surface radiation but also indicates that more soil moisture was transported to the atmosphere and, as a consequence, the humidity was increased [38]. From a water exchange prospective, Figure 3g–l and Figure 4g,h also suggest that paddy field expansion causes a larger scale latent heat increase in areas other than where wetland expansion has occurred. Paddy field irrigation in the earlier period of the growing season significantly increased the soil moisture, making it conducive for soil evaporation and vegetation transpiration and thereby enhancing water recycling [63]. These changes can lead to a different planetary boundary layer (PBL) structure, cloud cover regime, precipitation pattern, and other aspects of regional weather and climate [64,65,66,67,68]. Moreover, the transition zones of drylands and paddy fields can also help develop sea-breeze-like meso-scale circulations within the PBL and potentially promote convective cloud formation and precipitation in preferred areas [7]. This means that paddy field expansion may not only lead to temperature responses but also cause precipitation feedback, which will be further studied in our future works. Furthermore, in order to solve the problems of spatial heterogeneity mentioned in the results section, high resolution remote sensing datasets such as Sentinel imagery [69] can be used in our future works.





5. Conclusions


In our study, remote sensing observation information was used to detect LST changes and their driving mechanisms due to artificial wetland increase, namely, paddy field expansion. Our results from regional statistical average calculations, spatial distribution differences, and time series analysis showed that paddy field expansion led to day-time cooling and night-time warming over the study area. However, the LST changes showed different characteristics and magnitudes in the spring (May to June) compared to the other months of the growing season (July to September). Generally, the cooling effects were greater and more significant in the earlier period of the growing season. From regional statistical analysis we found that the daily LST in paddy fields was 1.62 and 2.10 K cooler than that of rainfed farmland in May and June, respectively, while in July–September, the LST difference between the two land use types was no more than 1 K. Meanwhile, the cooler day-time LST and warmer night-time LST contributed to decreased DTR in paddy fields, the magnitude of which reached 8–9 K. Time series analysis showed that because of paddy field expansion, the day-time cooling trend was −0.3842 K/year and the warming trend at night was 0.1988 K/year, resulting in an overall cooling effect of about −0.0927 K/year in May and June. In July–September, the LST change showed the same sign but the magnitude was much smaller, with a 0.0686 K/year temperature decreasing trend in the day-time and a 0.0569 K/year increase in the night-time. Furthermore, albedo and LE were demonstrated to be very sensitive to land use changes, especially in the earlier period of the growing season. Correlation analysis between LST and albedo and LE also indicated the dominant role that evapotranspiration in paddy fields plays in regulating local temperature. In summary, our study has provided good evidence that another instance of abrupt land use change, in addition to urbanization, will be able to profoundly affect local and regional climate. This study also suggests that land use management or land use adjustment can effectively influence regional climate patterns and can be used to provide advice and support for future land use planning, optimization, and regional sustainable development.
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Figure 1. Land use maps of the Sanjiang Plain in 2001 (a) and 2015 (b), the main land use change types during the period 2001 to 2015 (c), and growing season temperature changes during the period 1951 to 2015 (d). 
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Figure 2. LST and LST changes within the Sanjiang Plain. (a) Day-time LST in May–June, 2001–2005; (b) day-time LST in July–September, 2001–2005; (c) day-time LST in May–June, 2011–2015; (d) day-time LST in July–September, 2011–2015; (e) day-time LST changes in May–June between the periods 2011–2015 and 2001–2005; (f) day-time LST changes in July–September between the periods 2011–2015 and 2001–2005; (g) night-time LST in May–June, 2001–2005; (h) night-time LST in July–September, 2001–2005; (i) night-time LST in May–June, 2011–2015; (j) night-time LST in July–September, 2011–2015; (k) night-time LST changes in May–June between the periods 2011–2015 and 2001–2005; (l) and night-time LST changes in July–September between the periods 2011–2015 and 2001–2005. 
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Figure 3. Spatial distribution of albedo (ALB) and latent heat flux (LE) in the Sanjiang Plain. (a) ALB in May–June, 2001–2005; (b) ALB in July–September, 2001–2005; (c) ALB in May–June, 2011–2015; (d) ALB in July–September, 2011–2015; (e) ALB changes in May–June between the periods 2011–2015 and 2001–2005; (f) ALB changes in July–September between the periods 2011–2015 and 2001–2005; (g) LE in May–June, 2001–2005; (h) LE in July–September, 2001–2005; (i) LE in May–June, 2011–2015; (j) LE in July–September, 2011–2015; (k) LE changes in May–June between the periods 2011–2015 and 2001–2005; and (l) LE changes in July–September between the periods 2011–2015 and 2001–2005. 
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Figure 4. Change trends for (a) day-time LST in May and June; (b) day-time LST in July to September; (c) night-time LST in May and June; (d) night-time LST in July to September; (e) albedo in May and June; (f) albedo in July to September; (g) LE in May and June; and (h) LE in July to September. Only grid points where the change trends are significant at a 95% level of confidence are shown. Linear regressions for the corresponding variables for the period 2001–2015 are shown in the lower panels and were calculated based on the pixels in Group B (** indicates the change trend is significant at p < 0.05). 
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Figure 5. Spatial correlation coefficients between day-time LST and albedo in May–June (a) and July–September (c), and correlation coefficients between day-time LST and LE in May–June (b) and July–September (d) in the Sanjiang Plain. Only grid points significant at a 95% level of confidence are shown in these figures. (e–h) show the corresponding correlations for the paddy expansion pixels from Group B. ** indicates the correlation is significant at p < 0.05. 
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Table 1. Land surface temperature (LST) and diurnal temperature range (DTR) differences between rainfed farmland and paddy fields (unit: K). Legend: LSTD, day-time LST; LSTN, night-time LST; DTR_R, DTR for rainfed farmland; DTR_P, DTR for paddy fields.
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	Month
	May
	June
	July
	August
	September





	∆LSTD
	6.00
	6.59
	2.69
	0.99
	1.55



	∆LSTN
	–2.76
	–2.40
	–1.00
	–0.74
	–0.26



	∆LST
	1.62
	2.10
	0.85
	0.13
	0.65



	DTR_R
	21.35
	17.69
	9.27
	8.09
	12.10



	DTR_P
	12.58
	8.69
	5.58
	6.36
	10.29







∆ means the difference between rainfed farmland and paddy fields.
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