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Abstract

:

Land use land cover (LULC) change is one of the main drivers contributing to global climate change. It alters surface hydrology and energy balance between the land surface and atmosphere. However, its impacts on surface air temperature have not been well understood in a dynamic region of LULC changes like Southeast Asia (SEA). This study quantitatively examined the contribution of LULC changes to temperature trends in Myanmar and Thailand as the typical parts of SEA during 1990–2019 using the “observation minus reanalysis” (OMR) method. Overall, the average maximum, mean, and minimum temperatures obtained from OMR trends indicate significant warming trends of 0.17 °C/10a, 0.20 °C/10a, and 0.42 °C/10a, respectively. The rates of minimum temperature increase were larger than maximum and mean temperatures. The decreases of forest land and cropland, and the expansions of settlements land fractions were strongly correlated with the observed warming trends. It was found that the effects of forest land converted to settlement land on warming were higher than forest conversion to cropland. A comprehensive discussion on this study could provide scientific information for the future development of more sustainable land use planning to mitigate and adapt to climate change at the local and national levels.
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1. Introduction


Global warming is contributed by 90% from human activities, of which land use land cover (LULC) change is one of the major anthropogenic drivers [1]. LULC changes influence climate from local, regional, to global scales by changing the land surface characteristics and altering the physical and biogeochemical properties of the land surfaces [2]. In addition, LULC changes have also been linked to atmospheric aerosol emissions, which can modify the surface temperature through both direct and indirect effects [3]. Conversion of forest land into cropland, pasture, or grassland reduces the aerodynamic roughness of the landscape and decreases both the capture of precipitation on the canopy and root extraction. This leads to reduced evaporation and fluxes of water and latent heat from the surface to the atmosphere and subsequently increasing air temperature. The rise of land surface air temperatures nearly twice as much as the global average temperature since the pre-industrial period has partly attributed to the LULC changes [2]. Therefore, it is essential to understand the roles of LULC changes and evaluate their impacts, especially on the local and national levels where the climate could be mitigated by measures such as management of the LULC and its changes.



The effects of LULC changes are known to vary significantly among regions [3,4,5,6,7,8]. A recent sensitivity study of regional climate to land cover changes by Nayak et al. [5] demonstrated that conversion of vegetation area over eastern India resulted in a warming of ~0.2 °C/10a between 1991 and 2006. Cao et al. [4] investigated the combined effects of land cover change and urbanization on climate warming using the observation minus reanalysis (OMR) method in Beijing and concluded that the conversions of cropland to urban land have the highest warming effects. Based on this method, many researchers have evaluated the effects of LULC changes on climate change in many regions worldwide [5,7,8,9,10,11]. It has become clear that the LULC changes are among others the main drivers for local and regional temperature changes [12].



Continental Southeast Asia (SEA), especially Thailand and Myanmar, has been one of the most dynamic economic and social development regions over the past 30 years [13]. Increased built environment and infrastructure developments, especially urban expansion, hydropower dam, mining, highway road constructions, palm oil and rubber plantation, shifting cultivation and agricultural farming are examples involved changes of LULC in this region. These developments are projected to continue at a higher rate in the future [13,14]. The rapid economic development and increasing population and migration have also led to the dramatic land cover changes in this region. However, the effects of LULC changes on the temperature in SEA have not been well understood. Previous studies indicated that the mean surface air temperatures in SEA region have increased by 1 °C during the past hundred years [15]. Thailand has experienced significant warming across the country in the last four decades, and the extremes in temperature have increased [16,17]. In Myanmar, the rate of temperature increases was as high as 0.38 °C/10a during 1981–2015 [18]. In this context, it is thus important to know the contribution of LULC changes on surface air temperature trends in this region. Knowing these will help formulate policy and plan for mitigating and adapting climate change impacts at local and national scales. Accordingly, this study primarily aims to estimate the effects of LULC changes on the temperatures over Myanmar and Thailand.




2. Materials and Methods


2.1. Site Description


At the beginning, this study collected the daily maximum, mean and minimum temperature from 30 observation stations in Myanmar and Thailand. However, only the data from ten meteorological stations were used in this research based on data quality and accessibility. Six stations, including Mae Sariang (MSR), Lamphun (LPH), Mae Sot (MST), Phetchabun (PCB), Thong Pha Phum (TPP) and Kanchanaburi (KCB) are located in Thailand, while the remaining four stations, namely Taunggyi (TGI), Pyinmana (PMN), Kabaaye (KBA) and Dawei (DWI) are situated in Myanmar. Myanmar is located between 9°32′ N to 28°31′ N latitude and 92°10′ E to 101°10′ longitude [19]. The physical characteristics and topography of Myanmar can be classified into three main agro-ecological zones: the central dry zone, the coastal zone, and the hilly zone [18]. On the other hand, Thailand lies in the tropical zone between latitudes 5°37′ N to 20°27′ N and longitude 97°22′ E to 105°37′ E. According to the climate pattern and meteorological conditions, Thailand can be divided into five regions, namely the northeastern, northern, central, eastern, and southern parts [20]. In general, the selected stations can be defined by three portions i.e., southern, central, and northern of the study area. Each portion of the selected stations is nearly the same in Latitude (°N). The map of the study area and the distribution of the meteorological stations are shown in Figure 1, while the detailed information of the selected meteorological stations is provided in Table 1.




2.2. Temperature Data


The observed data of daily maximum, mean, minimum temperatures during 1990–2019 were collected from the Department of Meteorology and Hydrology (DMH) of Myanmar and the Thai Meteorological Department (TMD). On the other hand, the hourly ERA5 reanalysis data were obtained from European Centre for Medium Ranges Weather Forecast (ECMWF), which provides the data from 1979 to the present. ERA5 is the latest generation of ECMWF atmospheric reanalysis published data that have been released since 2016 with better hourly temporal resolution and spatial resolution compared with the previous products of ERA-Interim [21]. At each meteorological station, the hourly ERA5 temperature data were extracted by a bilinear interpolation method [4,22]. The daily and monthly values of mean, maximum, and minimum values were then aggregated from the hourly values.



The collected raw data of the selected stations may contain inhomogeneities and discontinuities in the time series that could influence the climate trend [18,23]. Therefore, all data were processed for quality control and homogeneity checks to avoid inconsistencies [24]. The most commonly used objective approaches to check data quality before analysis include temporal and spatial outlier checks, interpolation of missing data, and homogeneity tests [25,26]. In this study, all these approaches were performed using R-based packages of RClimDex and RHtestV4. A temporal outlier was determined based on the sample distribution of each calendar month separately for each station [23]. The spatial outlier checking was determined by linear regression between the candidate stations and the nearest neighbour stations for each calendar month [25]. All outliers identified from the temporal and spatial checks were considered as the missing values, and therefore, the linear interpolation method from R programming was used to interpolate and fill in the missing values. The maximum missing data was found to be about 2% for the MST and MSR stations, while the remaining stations were less than 1%. Moreover, a homogeneity check was performed using the RHtestV4 package [26]. Based on extensive quality control and homogeneity checks, the temperature data were calculated to annual anomalies during the 30-year period (1990–2019). To ensure the reliability of the ERA5 data, these data were evaluated by comparing the anomalies with the observations, and their correlations were analyzed.




2.3. LULC Classification


2.3.1. Annual Composite Generation


LULC datasets were derived from the Landsat data, the longest and most informative source of earth observation with a medium-high spatial resolution of 30 m [27]. The thirty years (1990–2019) of Landsat surface reflectance data which have been corrected for atmospheric, reflectance, topographic, and satellite sensor effects from Google Earth Engine (GEE) were collected for this study [28]. Then, the total collected images were cleaned off clouds, cloud shadows, and pixels by using the multi-year image synthesis and cloud mask methods available in GEE to obtain the composite data [29]. The annual composite data becomes a single image per year, well suited for time series classification [28]. Finally, the composite image of each year was ready to classify LULC changes in the next steps.




2.3.2. Derivation of LULC


The classification approach used in this study is based on a decision tree algorithm for LULC patterns detection. Figure 2 illustrates the workflow of the LULC classification procedure using three spectral indices; Normalized Difference Vegetation Index (NDVI), Modified Normalized Difference Water Index (MNDWI), and Bare Soil Index (BSI). The NDVI is one of the most widely used remote sensing vegetation indices and has been widely used to identify vegetation based on spectral values [30]. The LULC was first divided into vegetated and non-vegetated areas based on the NDVI value. Forest and cropland were then separated based on their differences in vegetation fraction and growth under vegetated class. In the second step, a hybrid method was used by adding MNDWI within the non-vegetation class to separate water and non-water. The MNDWI can highlight open water features while efficiently suppressing and even removing built-up areas and vegetation and soil noises [31]. Bare land and settlements are notorious as those land cover types hard to separate due to spectral similarities [32]. Therefore, settlement areas and other land uses were separated from non-water using the BSI value. The BSI has mainly been used in forest research to distinguish bare soil and other land cover types, but has also been used for mapping and monitoring bare soil areas [33]. After assigning the index values to distinguish land cover types, the visualization was also interpreted and adjusted to reduce misclassification. The consideration of each LULC category is described in Table 2 [34].



Note: Red: visible red wavelength, Green: visible green wavelength, Blue: visible blue wavelength, NIR: near infrared, and SWIR: shortwave infrared.




2.3.3. Accuracy Assessment


Accuracy assessment was performed using historical high-resolution Google imagery obtained from Google Earth Pro software. Different satellite images collected at the corresponding time were used for accuracy assessment in this study. Specifically, the Google images in 2010, 2012, and 2019 were used for accuracy verification. The total number of verification points was determined for about 400 reference points. They were generated by the random sampling method, and the minimum number of samples of each class was at least 50 points based on the proportion of each LULC type [35,36]. It was assumed that the accuracy validation for the classification method in different satellite images should be sufficient to represent information about the overall accuracy [33]. Finally, the classification accuracy was evaluated using a confusion matrix, and this included user’s accuracy (UA), producer’s accuracy (PA), the overall accuracy (OA), and the kappa coefficient [37]. For the overall results of accuracy assessment at all stations, the minimum value of OA from this study was 80.83%, while the maximum was 87.01%, and the Kappa coefficient was found between 0.75 and 0.83. It revealed that all classified LULC maps achieved relatively high accuracy for further LULC changes analyses [35,38].





2.4. OMR Method for Temperature Trend


Reanalysis datasets are useful for analyzing rapid climate change because they incorporate in-situ measurements, remote sensing observations, and modeled findings in a data assimilation scheme [39]. However, in the data assimilation process, the reanalysis data does not use or has little surface data information, such as surface observations of temperature, moisture, and wind across the land concerning LULC changes [22,40,41]. The surface temperatures are estimated from the atmospheric values [21,42]. Therefore, temperature trends derived from reanalysis data are considered only for large-scale climate change signals resulting from greenhouse gases and atmospheric circulation, but exclude local impacts of LULC changes [22,43,44]. As a result, the reanalysis data should not be sensitives by changes of urbanization and land use effects [7,8,45]. On the other hand, the observed station data include not only local surface forcing such as the effects of LULC changes but also the large-scale atmospheric warming signal resulting from greenhouse effects, natural decadal variability, and volcanoes [5,41]. Therefore, it is able to estimate the effects of LULC changes on surface temperature changes by using a new method of OMR which was introduced by Kalnay and Cai [8]. By isolating near-surface warming from global warming using the OMR approach, which entails subtracting reanalysis data from observed temperature, it is possible to obtain a significant surface climate change signal resulting from various land cover types [4,8,46].



Based on the observation and ERA5 reanalysis data, the annual average temperature anomalies from 1990 to 2019 were calculated in this study. The annual trends of temperature anomalies were calculated using the non-parametric Man-Kendall trend test analysis method [47]. Statistical significance was reported at 95% confidence level. The magnitude of the trend was calculated using Thiel-Sen non-parametric methods based on Kendall’s tau (τ) [48]. Then, the OMR temperature trends were estimated as follows:


TOMR = Tob − Tra



(1)




where TOMR is the OMR temperature trends; Tob is the observed temperature trends and Tra is the reanalyzed temperature trends [4]. Finally, this study evaluated the contribution of each LULC type to the warming and cooling based on the correlation coefficient (r) between the OMR trends of temperatures and changes in areas of each LULC type. All correlation coefficients were tested by using a t-distribution with a 95% confidence level.





3. Results


3.1. Relationship between Observation and Reanalysis Data


Generally, the reanalysis data are subject to high uncertainty because of the coarse spatial resolution and assimilation of limited observation [49,50,51]. Therefore, before using in further analysis, consistency check between reanalysis and observation data could provide a basic evaluation for the reliability of both datasets [4,50,51]. In the present study, the mean annual cycles of temperature variables (annual mean, maximum and minimum temperatures) were evaluated and correlations between the ERA5 reanalysis data and the observed data at individual stations were analyzed (Figure 3). Significant correlations were evident between the observed and ERA5 data for the interannual variability, except the minimum temperature (Tmin) for three stations of PMN, KBA and DWI. When the homogeneity test was performed, insignificant change points were detected for the observed data from these three stations. This may explain a weak correlation of Tmin between the observed and ERA5 data at these stations. The maximum and minimum correlation coefficients (r) for the annual mean temperature (Tmean) at PCB and KBA stations were 0.92 and 0.41, respectively.




3.2. Temperature Trends


Figure 4 shows the linear trends of the observed and reanalyzed annual maximum, mean, and minimum temperatures anomalies from 1990 to 2019 at the MST station, as an example. The summary results of Mann-Kendall’s Test for all stations are shown in Figure 5. The observed annual maximum temperature (Tmax_ob) had a significant increasing trend at most stations except the KCB station. The increasing trends ranged between 0.24 and 0.52 °C/10a. For the observed mean temperature (Tmean_ob), data from all the stations indicate significant warming trends except at the KBA station. The Tmean_ob ranged between 0.29 and 0.53 °C/10a. The highest increasing trend was detected in the observed annual minimum temperature (Tmin_ob), ranging from 0.25 to 0.93 °C/10a.



The reanalyzed annual maximum temperatures (Tmax_ra) show significant trends in many stations with the range between 0.15 and 0.27 °C/10a. A significant increasing trend of the reanalyzed annual mean temperature (Tmean_ra) was found at all stations with a range between 0.14 and 0.27 °C/10a. For the reanalyzed annual minimum temperature (Tmin_ra), most of the stations show a significant increasing trend in the range of 0.16 and 0.25 °C/10a.



The highest significant increasing trend for the observed temperature was found in the minimum temperature at TPP station by 0.93 °C/10a, while KCB station shows a significant decrease by −0.26 °C/10a. On the other hand, the highest significant increasing trend of the reanalysis data was observed in the maximum temperature at DWI station by 0.27 °C/10a. It is revealed that the observed temperatures showed a higher warming trend than the reanalyzed temperatures.




3.3. Analysis of LULC Changes


3.3.1. Determination of LULC Areas to Be Included in the Analysis


Previous studies indicated that the temperature profiles recorded at a given meteorological station are mainly related to the changes of LULC within a 10 km radius around that station [52]. In order to investigate the uncertainty induced by radius size setting, various radii were tested. Therefore, to determine the land use boundary that will be included in the analysis of the relationship between LULC changes and temperature observation at a selected station, LULC changes for each 1 km radius interval up to 50 km from the meteorological station were estimated. Specifically, the changes of LULC for the initial year (1990) and final year (2019) were quantified for each 1 km increase in radius from the observed station. The results of using this approach are presented in Figure 6.



Generally, it was observed that forest land and cropland were the most dominant LULC categories for both years. The initial shift in forest areas was found around 3 km from the observation station, and its proportion around the observation station gradually increased as the distance from the station increased. The changes of cropland between two years were found around 5 km. On the other hand, the analysis revealed that the water area presented only a small LULC fraction within 50 km around the station. Water areas significantly changed from the first kilometer, except at the TGI that showed changed after 10 km. For the settlement, its areas gradually decreased with increasing distance from the station, and most of the changes between the two years were found before 30 km. Other land uses type also decreased gradually when the distance from the station increased, except at the TGI and KBA stations, where the fractions were relatively constant along 1–50 km radii.



Although a significant starting change of each LULC type between two years was found in various distances around the observation station, most of the changes were detected between 5 km and 20 km. Therefore, a 20-km radius from observation stations was set to study the relationships between LULC changes and land surface air temperature. This is well within the ranges of suggested radius (0.4 to 30 km) for the impact study of LULC on air temperatures at a given meteorological station [52,53,54].




3.3.2. LULC Changes from 1990 to 2019


As discussed in the previous section, the analysis of changes in land use in the 1990–2019 period was conducted inside a 20 km radius (1256 km2) around each observation station (Figure 7). It was found that the dominant LULC types were forest land, cropland, and other land cover types for most of the stations, while water body and settlements area were not much contributed within 20 km (Figure 8). The results of long-term changes in LULC from 1990–2019 are shown in Figure 9a as an example for one typical station and in Figure 9b for every station. The forest land had the most significant decreases compared to other types of LULC at most of the stations. The decreasing range was between −0.13 and −0.92% per year. The highest decrease of forest land from 47.94% in 1990 to 21.58% in 2019 was detected at the LPH station. The MST station also had a high proportion of forest area reduction, from 69.06% in 1990 to 43.16% in 2019. For cropland, a significant increasing trend from +0.09 to +0.78% per year was detected at five stations. However, at the stations of TPP and KBA, it was decreased at the rate of −0.23 and −0.32% per year. On the other hand, cropland around the KBA station had the highest decreasing rate from 48.44% in 1990 to 35.57% in 2019, while at the LPH station, it increased from 37.93% to 54.04%.



There was not much change in the water body, partly because the percentages of water coverage were very small compared to the areas of all other lands. The ranges of water area changes were from +0.008 to +0.069% per year for some stations, and at three stations of DWI, TGI and KBA it showed a significant decrease of −0.01, −0.02 and −0.06% per year, respectively. The high rate changes of the water body was detected at the KBA station by decreasing from 12.11% to 9.30%, while at the TGI station, it declined from 1.86% to 0.58%.



At most stations, significant increases in settlements area from 1990 to 2019 were observed, with ranges from +0.001 to +0.146% per year. The highest increasing rate of settlements area was evident at the KBA and KCB stations by 0.42% and 0.80% to 4.18% and 2.13%, respectively. For other land uses type, only four stations indicated a significant increase by +0.41 to +0.69% per year. Among them, the KCB and MST stations had the highest increases from 27.96% and 6.28% in 1990 to 46.55% and 21.29% in 2019, respectively.





3.4. Analysis of LULC Changes Effects on Surface Air Temperature


Results reported above on variations of temperatures trends observed at stations across the study areas indicate the complexity of factors and their interactions that affect climate at a given location and area. This study has tried to understand the LULC effects on temperatures by analyzing the LULC changes and correlating them to the OMR temperatures at individual meteorological stations. The OMR trend of maximum temperature (Tmax_OMR) showed a significant increase from 1990 to 2019 at most stations with the ranges between 0.10 and 0.24 °C/10a (Figure 10), where the data were subtracted from the observed and reanalyzed values in Figure 11 indicated as an example at one station. The highest significant increasing trend in Tmax_OMR was observed at the MST station. The OMR warming trend for mean temperature (Tmean_OMR) ranged between 0.12 and 0.32 °C/10a. The highest warming trend in Tmean_OMR was found at the KCB station. A significant increase in the OMR trend of minimum temperature (Tmin_OMR) was found in some stations with ranges between 0.10 and 0.81 °C/10a. Only at the KCB station showed a significant decreasing trend by −0.43 °C/10a. Moreover, the correlation coefficients provided in Figure 12 indicate negative impacts of losing forest land and positive impacts of settlements and other land increases on the OMR trends.





4. Discussions


4.1. Contribution of LULC Changes to Maximum Temperature


The relationship between LULC changes and maximum temperature varied among the meteorological stations. It is noted that only those stations with the significant changes at a confidence level of 95% were included in the discussion here. The MSR station found the highest decreasing forest cover rate of around −9.16% per decade (Table 3). However, the warming degree here (0.15 °C/10a) was less than that was found at other stations. This could be explained by the fact that forest land was mainly converted to cropland (increased by 7.83%), and that cropland expansion is usually accompanied by cooling [4,5]. At the MST station, the forest cover loss rate of around −8.53% was lower, but the increasing rate of cropland was also lower (3.73%) than at MSR station. Here the effects of losing forest cover on warming were more obvious (0.24 °C/10a). In addition, it is noteworthy that at TPP station decreases in cropland fraction could contribute to the warming of the maximum temperature (0.16 °C/10a). At DWI station, only forest cover had a high contribution to warming. Even a small fraction of forest areas was decreased here. Settlement areas also contributed to warming temperature; the highest increasing rate of settlements area was found at LPH station of around 0.70%, but its contribution to temperature was lower than at other stations. This was because of the cooling effects of cropland expansion and waterbody, as explained above. On the other hand, the increasing rate of settlements area at TGI station was higher than at PCB station. However, its contribution to warming was lower than at PCB because of the differences between mountain and lowland regions. Therefore, based on these findings, if any other types of LULC are converted to cropland, it likely moderates the maximum temperature increases. Otherwise, the changes of forest land to any other land cover types and any land cover converted to settlements area are contributed to warming temperature. This finding is also in line with the previous research, which indicated that converting agricultural land to all land cover types and converting forest land to other land cover types contribute to warming trends, while conversion of all land cover types to agricultural land contributes to cooling trends [5,11].




4.2. Contribution of LULC Changes to Mean Temperature


Similar to the case of maximum temperature, there were cases where changes in mean temperature were related either to changes in only one type of LULC or to the combined effects from various LULC types (Table 4). These combined effects are best demonstrated at TGI stations. Here, reduction in forest and water body, increases in settlements and bare soil fractions lead together to increases in mean temperature of 0.29 °C. Remarkable warming was also observed at KCB station (0.32 °C). Decreases in the forest and increases in settlements area were also evident here at the KCB station. When comparing to MST and MSR stations where the loss rates of forest were higher than KCB and TGI, the contribution to mean temperature was less than those stations because of the higher conversion rate to cropland at MSR and MST stations. In addition, the fraction of other land uses at TGI and KCB was relatively high in comparison to others (Figure 8), and these might also contribute to higher warming here than at other stations, although a small amount of LULC changes was found at PCB, but the warming trend was higher than others because the station is located in the lowland part of northern Thailand. Here, mountains surround it and the topography therefore influences the local temperature as observed in this study. The dry season is also longer (October to April) than others [55,56].




4.3. Contribution of LULC Changes to Minimum Temperature


The estimated changes of minimum temperature induced by LULC changes are provided in Table 5, which were only three stations where LULC changes were significantly correlated with minimum temperature trends. The strongest increase in minimum temperature was found at LPH station. Here the contribution of forest land conversion to other LULC categories was 0.53 °C/10a. However, the highest rate of forest changes was found at TGI station, but the contribution to minimum temperature was lower than LPH station by 0.14 °C/10a. In detail, the fraction of other lands, especially bare soil, was high, which might reduce the night-time temperature or minimum temperature because the most daily minimum temperature is happening at night. In addition, this study noticed a significant increase in bare soil fraction around 4.18% at KCB station. Here minimum temperature was decreased by −0.43 °C/10a. The cooling effects of bare soil to minimum temperature could be related to night-time radiative cooling, and due to low humidity in areas with bare soil can produce large temperature drops [57]. Broadbent et al. [58] also reported that irrigation of the extremely dry areas (bare soil) could produce large cooling effects because of the bare soil’s great evaporative cooling potential. Besides, paddy fields were mainly cultivated around KCB station, accounting for about 50% of all cropland fractions found in this study [59]. This could also contribute to the cooling at KCB through such evaporative cooling.




4.4. Effects of LULC on Regional Temperature Changes


The rapid socio-economic developments such as increasing infrastructure development in Myanmar and Thailand have led to dramatic land cover changes, mainly deforestation and urbanization [13]. In addition, extreme climate episodes such as extremely high temperatures have been observed in recent years [18,60]. However, comprehensive investigation on the characteristics of changes and the contribution from LULC changes to surface air temperature in this region is still limited. Therefore, this study assessed the changes of near-surface air temperatures in association with the LULC changes.



As indicated at various station sites and temperature parameters, this study found changes in temperatures and LULC during 1990–2019 resulted in different rates of warming and cooling across the study area. The main findings of OMR trends on the averages of maximum, mean, and minimum temperatures were the increases with the rates of 0.17, 0.20, and 0.42 °C/10a, respectively. Overall, this study revealed that the rates of minimum temperature changes in most of the stations were higher than the maximum temperatures. This study suggests that the temperature changes are related to deforestation and urbanization. Alterations of the land surface through LULC changes has resulted in higher absorption of heat during daytime and this subsequently is released during night-time. Normally, the daily minimum temperature is recorded during night-time, which night-time atmospheres are typically more statically stable than daytime [61]. In addition, at night-time, the difference sensible heat flux is relatively small, and thus the surface air temperature largely depends on the ground heat release [62]. As a result, this research revealed that the minimum temperature was two times warmer than maximum temperature.



The dominant modes of LULC changes were decreases in forest cover, increases in cropland and settlement areas at most of the studied stations. However, the rate of temperature increases induced by forest changes largely depended on the types of LULC to which forest land was converted. For example, the changes of forest to cropland and forest to settlement areas varied in their contributions to temperature trends. It was noticed that the changes of forest land to settlement areas caused the higher warming than the changes of forest to cropland by approximately 0.10 °C/10a. These findings were consistent with the previous studies that explained the conversions of agricultural and forest land to all other land cover types contributed to warming trends, while conversions of all land cover types to agricultural land contributed to cooling trends [11]. Nayak et al. [5] also reported that conversion of small vegetation (e.g., shrub, grassland, and green patches on bare land) to forest and agriculture led to a cooling trend, but conversion of agricultural land to bare soil contributed to the warming trend. Our findings are consistent with those explored by Cao et al. [4] that cropland changes to urban areas showed the highest warming effects. According to the biophysical characteristics, the conversion of forest to other land cover types reduced the uptake of moisture by the canopy and roots. Thus, these changes tend to reduce evaporation and then affect the fluxes of moisture and latent heat from the surface to the atmosphere, leading to an increase in temperature near the surface [4,7,11,63,64].



In fact, LULC change is highly dynamic during the development for residential areas and food production in both agricultural countries such as Thailand and Myanmar. Yet, developments may weigh insightfully about which conversions (i.e., area and land use type) should be considered to minimize the effects on local temperature changes. It is obvious that natural forest needs to be maintained and even conserved to keep the diverse benefits or ecosystem service flows, which are essential for both nature, hazard prevention, and climate regulation as mentioned above.




4.5. Research Limitations and Way Forward


Analyzed results and discussions above indicated that there are a few points that may worth further consideration. Firstly, the OMR interpretation may be limited due to interpolation method inaccuracies and non-climatic biases [5,65]. However, the OMR method has the advantages such as the ability to separate the effects of LULC changes on regional climate. Because there is no simple approach to separate the effects of LULC changes on surface temperature from other drivers, OMR method is still widely used. The OMR-based studies have showed robustness by quantifying climate variability and the influence of LULC changes on surface temperature trends [4,5,8,11,65]. It is recommended that more research is needed at different station sites (Myanmar and Thailand) to investigate and compare the robustness of LULC change influences on temperature trends by using different approaches.



Secondly, our results indicated that using decision tree technique in GEE platform for classification of LULC is also quite satisfying and produces good results. Although there was a small issue with misclassified pixels of urban land and bare soil due to spectral similarities and using of a 30 m spatial resolution satellite data, but the overall capability of GEE to perform the classification is still high. It is also suggested for future research to investigate the LULC changes with other classification algorithms such as random forest, support vector machine, for better accuracy. Besides, Google Earth Pro was used to check the accuracy assessment in this study. However, for future studies, it is recommended to perform field data collection of ground truth points for validation of the accuracy.



Lastly, this study could analyze only ten sites of meteorological station and could focus only on surface air temperature aspects. Further studies should aim to include numbers of the station sites across the regions. Such studies may also investigate the changes of LULC effects on other climate parameters such as relative humidity, wind, and precipitation in order to improve our understanding of LULC effects on local climate conditions and patterns at the same sites used in the current study. This is important because the changes of LULC not only affect temperature but also other climate parameters in the observation station [3,66,67,68,69]. In addition, the different time scales should be examined in future work to capture dynamics of LULC and climate parameters in different seasons (e.g., wet and dry seasons).





5. Conclusions


This study investigated the relationships between LULC changes and near-surface air temperature trends from 1990 to 2019 over the major regions in Myanmar and Thailand. The analysis was based on the OMR method. The results obtained in this study indicated that although there were variations in temperature trends among meteorological stations, such variations could be explained by LULC patterns and LULC changes around the stations. The key findings are summarized as follows:




	
The changes of LULC inside a 20 km radius of the selected observation stations changed significantly, as evident from the loss of forest land and increases in cropland and settlements.



	
As a result, the average surface air temperature during 1990–2019 was warmer by 0.17 °C, 0.20 °C, ad 0.42 °C/10a in the maximum, mean, and minimum temperatures, respectively.



	
The rate of minimum temperature increasing is higher than mean and maximum temperatures. However, the mean and maximum temperatures at most of the stations showed significantly increasing trends than minimum temperature.



	
Overall analysis indicates that the reduction of areas under vegetation types (forest and cropland) and expansion of settlements area in most of stations were strongly correlated to temperature warming.



	
The effects of forest cover converted to urban land on temperatures are higher than the effects of forest cover changed to cropland.








These findings on the relationships between LULC changes and temperatures suggested that in Myanmar and Thailand, where LULC changes have been rapid in recent years, the effective management of LULC may be possible to mitigate warming of the local near surface air temperature. Additionally, to improve our understanding of the interactions between LULC changes and climate, future studies should include more observed stations available in the whole region, and more climatic parameters such as precipitation, relative humidity, and wind.
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Figure 1. The study areas and distribution of selected meteorological stations in Myanmar and Thailand. 
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Figure 2. The designed framework of LULC classification. Thresholding values for each spectral index were obtained from a combination of the thresholding method and image interpretation. 
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Figure 3. Correlation between the observed temperature anomalies and the reanalyzed temperature anomalies in selected meteorological observation stations of Myanmar and Thailand. All correlations with a significance at the 95% confidence levels are indicated as single asterisk (*). 
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Figure 4. Observed and reanalyzed annual maximum (Tmax_ob, Tmax_ra), mean (Tmean_ob, Tmean_ra) and minimum temperature (Tmin_ob, Tmin_ra) anomalies at MST station from 1990 to 2019. 
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Figure 5. Summary results of Mann-Kendall Trend test on maximum (Tmax), mean (Tmean) and minimum (Tmin) temperatures of the observed (ob) and reanalyzed (ra) data at all selected stations in Myanmar and Thailand. 
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Figure 6. Proportion of LULC density along the distance 0–50 km away from observation station in 1990 and 2019 at five selected stations. (Note: pink and green lines represent proportion of LULC in 1990 and 2019, respectively. Vertical lines represent the distance where land cover at most stations changed before 20 km). 
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Figure 7. The spatial distribution changes of LULC inside a 20-km radius (1256 km2) at four typical stations where dramatic LULC changes in the year of 1990 and 2019 were detected. 
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Figure 8. Bar plots show LULC proportion around each observed station in 1990 and 2019. 
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Figure 9. (a) An example of annual changes of LULC in different land cover types at MST stations over the past 30 years; and (b) summary of annual trends for all stations over the same period. 
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Figure 10. The statistical results of Mann-Kendall’s test on the anomalies trends of OMR for maximum, mean, and minimum temperature. 
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Figure 11. An example of observation and reanalysis time series on annual mean temperature anomalies (bar chart) and OMR values (line graph) at MST station from 1990 to 2019. 
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Figure 12. Correlation coefficients between proportion of different LULC categories and the OMR trends (Tmax, Tmean, and Tmin) during 1990 to 2019. 
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Table 1. The detailed information of selected meteorological stations included in the current study [19,20].
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	Stations Code
	Stations Name
	Latitude (°N)
	Longitude (°E)
	Elevation (m)
	Geographical Location





	Myanmar
	
	
	
	
	



	48057
	Taunggyi (TGI)
	20.47
	97.03
	1436
	Hill



	48074
	Pyinmana (PMN)
	19.43
	96.13
	101
	Dry



	48097
	Kabaaye (KBA)
	16.46
	96.10
	20
	Coastal



	48108
	Dawei (DWI)
	14.06
	98.13
	16
	Coastal



	Thailand
	
	
	
	
	



	48325
	Mae Sariang (MSR)
	18.17
	97.93
	211
	Northern



	48329
	Lamphun (LPH)
	18.57
	99.03
	296
	Northern



	48375
	Mae Sot (MST)
	16.67
	98.55
	196
	Northern



	48379
	Phetchabun (PCB)
	16.43
	101.15
	114
	Northern



	48421
	Thong Pha Phum (TPP)
	14.75
	98.63
	104
	Central



	48450
	Kanchanaburi (KCB)
	14.02
	99.53
	28
	Central
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Table 2. Description of LULC classes in this study.
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	LULC Classes
	Description





	Forest
	All the land is covered with woody vegetation.



	Cropland
	Arable and tillage land, and grass land.



	Water
	Land is covered or saturated by water for all or part of the year.



	Settlements Area
	All developed land, including transportation infrastructure and human settlements of any size.



	Other Land
	Bare soil, rock, and all unmanaged land areas that do not fall into any of the other four categories.
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Table 3. Maximum temperature changes induced by LULC Changes.
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Stations

	
Changes of LULC (%/10a)

	
Tmax_OMR (°C/10a)




	
Forest

	
Cropland

	
Water

	
Settlements Area

	
Other Land






	
TGI

	
−9.10

	
3.09

	
−0.25

	
0.54 *

	
6.95

	
0.15




	
MSR

	
−9.16 *

	
7.83 *

	
−0.01

	
0.02

	
1.32 *

	
0.15




	
LPH

	
−5.37

	
3.28 *

	
0.28

	
0.70 *

	
1.15

	
0.10




	
KBA

	
1.21

	
−3.23

	
−0.66

	
1.46

	
1.22

	
0.15




	
MST

	
−8.53 *

	
3.73 *

	
0.04

	
0.41 *

	
4.36

	
0.24




	
PCB

	
0.99

	
−1.30

	
0.08

	
0.19 *

	
0.04

	
0.23




	
DWI

	
−1.34 *

	
0.95

	
−0.10

	
0.01

	
0.48

	
0.19




	
TPP

	
1.21

	
−2.28 *

	
0.20

	
0.01

	
−0.24

	
0.16








* Indicates significant correlation between LULC changes and Tmax_OMR trend at a meaningful level of 95%.
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Table 4. Quantitative results of mean temperature changes induced by LULC Changes.






Table 4. Quantitative results of mean temperature changes induced by LULC Changes.





	
Stations

	
Changes of LULC (%/10a)

	
Tmean_OMR (°C/10a)




	
Forest

	
Cropland

	
Water

	
Settlements Area

	
Other Land






	
TGI

	
−9.10 *

	
3.09

	
−0.25 *

	
0.54 *

	
6.95 *

	
0.29




	
MSR

	
−9.16 *

	
7.83 *

	
−0.01

	
0.02

	
1.32 *

	
0.16




	
MST

	
−8.53 *

	
3.73 *

	
0.04 *

	
0.41 *

	
4.36 *

	
0.25




	
PCB

	
0.99

	
−1.30

	
0.08

	
0.19 *

	
0.04

	
0.24




	
DWI

	
−1.34

	
0.95

	
−0.10

	
0.01

	
0.48

	
0.12




	
TPP

	
1.21

	
−2.28 *

	
0.20

	
0.01

	
−0.24

	
0.15




	
KCB

	
−3.93 *

	
−0.08

	
−0.08

	
0.67 *

	
4.18 *

	
0.32








* Indicates significant correlation between LULC changes and Tmean_OMR trend at a meaningful level of 95%.
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Table 5. Quantitative results of minimum temperature changes induced by LULC Changes.






Table 5. Quantitative results of minimum temperature changes induced by LULC Changes.





	
Station

	
Changes of LULC (%/10a)

	
Tmin_OMR (°C/10a)




	
Forest

	
Cropland

	
Water

	
Settlements Area

	
Other Land






	
TGI

	
−9.10 *

	
3.09

	
−0.25 *

	
0.54 *

	
6.95 *

	
0.39




	
LPH

	
−5.37 *

	
3.28 *

	
0.28 *

	
0.70 *

	
1.15

	
0.53




	
MST

	
−8.53

	
3.73

	
0.04

	
0.41

	
4.36

	
0.28




	
PCB

	
0.99

	
−1.30

	
0.08

	
0.19

	
0.04

	
0.10




	
TPP

	
1.21

	
−2.28

	
0.20

	
0.01

	
−0.24

	
0.81




	
KCB

	
−3.93

	
−0.08

	
−0.08

	
0.67 *

	
4.18 *

	
−0.43








* Indicates significant correlation between LULC changes and Tmin_OMR trend at a meaningful level of 95%.
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