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Near surface air temperature (NSAT) is one of the most important climatic parameters and its variability plays a vital role in natural processes associated with climate. Based on an improved ANUSPLIN (short for Australian National University Spline) model which considers more terrain-related factors, this study analyzed the trends, anomalies, change points, and variations of NSAT in Southwest China from 1969 to 2018. The results revealed that the improved approach performed the best in terms of Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and R-squared (R2) comparing to the conventional ANUSPLIN and co-kriging methods. It has great potential for future meteorological and climatological research, especially in mountainous regions with diverse topography. In addition, Southwest China experienced an overall warming trend of 0.21°C/decade for annual mean NSAT in the period 1969–2018. The warming rate was much higher than mainland China and global averages, and statistically significant warming began in the late 1990s. Moreover, consistent warming and significant elevation-dependent warming (EDW) were observed in most parts of Southwest China, and the hiatus or slowdown phenomenon after the 1997/1998 EL Niño event was not observed as expected. Furthermore, the remarkable increase in winter and minimum NSATs contributed more to the whole warming than summer and maximum NSATs. These findings imply that Southwest China responds to global warming more sensitively than generally recognized, and climate change in mountainous regions like Southwest China should be of particular concern.
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INTRODUCTION
Near surface air temperature (NSAT) is a key meteorological parameter involved in exchanges of energy and water in land-atmosphere interactions. It is also a key atmospheric variable with direct influence on physical and biological processes, including energy and water balances, nutrient cycling, growth and yield, carbon dynamics, and ecosystem adaption (Joly et al., 2011; Wang et al., 2017; Cui and Shi, 2021). NSAT is typically measured at a height of 2.0 m above the ground with high precision and high temporal resolution, through irregularly distributed meteorological stations (Wang et al., 2017). Understanding about the spatial-temporal variability of NSAT is required in hydrology, meteorology, and ecology (Peng et al., 2019). Thus, it is important to assess how climate change has altered the NSAT in spatial and temporal terms, and to enhance our understanding of its variability. However, this is often limited by the spatial coverage of instrumental records, especially in regions where meteorological stations are insufficient and distributed unevenly in space (Ilori and Ajayi, 2020).
A typical way to fill in this gap is by adopting the interpolation method, which estimates plausible values based on the discrete known values (Nalder and Wein, 1998). As a result, interpolation is commonly applied to estimate the spatial distribution of NSAT for regional scales (Fick and Hijmans, 2017). However, it is known that no single interpolation method is optimal for all regions, and the performance of an interpolating method is strongly affected by many factors, e.g., sample distribution and density, surface type, data variance, data normality, grid resolution, as well as the interactions among these factors (Li and Heap, 2011). Consequently, there has been growing interest in the development of methods for interpolating in-situ gauged data from sparse networks (Khosravi and Balyani, 2019). So far, a number of interpolation methods have been developed to obtain spatially continuous NSAT from point station measurements, including inverse distance weighting, regression analysis, kriging, and spline methods (Wu and Li, 2013; Kayikci and Kazanci, 2016; Hadi and Tombul, 2018; Jiang et al., 2019; Collados-Lara et al., 2021).
Many studies have evaluated the spatial-temporal variations of NSAT around the globe. In general, they reported the consistent and significant increase in NSAT over the past 100 years (Ding et al., 2007; Ren et al., 2016; Luo and Lau, 2017; Amato et al., 2019; Zhou et al., 2020). For example, the global average NSAT was trending upward at 0.145°C/decade in 1951–2019 (Li et al., 2021). In China, the NSAT was increasing at 0.150°C/decade in 1959–2014 (Cui et al., 2017). Moreover, there was a hiatus or slowdown in the warming period following the 1997/1998 EL Niño event at both global and regional scales (Easterling and Wehner, 2009; Cahill et al., 2015; Fyfe et al., 2016; Sun et al., 2018; Lewandowsky et al., 2018; Risbey et al., 2018; Li et al., 2021). For China, some studies have also indicated about a slowdown in the warming trend since 1998 (Tang et al., 2012; Li et al., 2015), which is more pronounced than the global mean (Du et al., 2019).
The challenge of estimating NSAT is primarily in mountainous or high elevation areas, where instrumental records are not always available due to the paucity of weather stations (Wang et al., 2017; Collados-Lara et al., 2021). Earlier studies have demonstrated that co-kriging and ANUSPLIN (abbreviation for Australian National University Spline) are more suitable for sparse data in these regions (Hutchinson and Gessler, 1994; Price et al., 2000; Islam and Déry, 2017; Mohammadi et al., 2017; Zhao et al., 2019; Belkhiri et al., 2020; Cheng et al., 2020; Guo et al., 2020). An advantage of these two interpolation methods is that they can model the terrain effect by considering additional variables during interpolation process (Cuervo-Robayo et al., 2014). Nevertheless, in most cases, both co-kriging and ANUSPLIN would ignore some important terrain-related factors (such as slope and aspect), which could influence the amount of Sun radiation on land surface and then affect NSAT (Minder et al., 2010; Zhao et al., 2019; Persaud et al., 2020). Thus, it is reasonable to refine the interpolation results of NSAT by incorporating more terrain-related variables, especially in topographically heterogeneous regions (Price et al., 2000).
It was reported that mountainous areas are especially sensitive and vulnerable to climate change (Diaz and Bradley, 1997). Even relatively small climate changes could have major implications for animal, plant, and people living in these regions (Fan et al., 2011). Hence, man studies have been conducted to understand the associated impacts of climate change in mountainous regions (Lin et al., 2017; Li et al., 2020). Nevertheless, biases in results are generally inevitable due to limited in-situ instrumental records, which make quantifying the climate trend, and variability inherently difficult (Chen et al., 2018; Sun et al., 2018). Therefore, one of the current research challenges is to seek ways to fill these gaps and reduce uncertainties for the climate change investigation in data-scarce mountainous areas.
Southwest China, a region with varied and complex topography, has abundant mountainous regions, and is one of the most sensitive areas to climate change (Du et al., 2017; Qian et al., 2019). In addition, it is one of the key regions of grain production in China, with a grain yield of ∼12% of national total. There were no consistent findings about the trends and variabilities of NSAT in Southwest China. For example, cooling trends in the southwestern parts of China were reported in 1951–2001 (Hu et al., 2003) and 1963–2012 (Dong et al., 2015). However, other studies have shown that in response to global warming, Southwest China has exhibited warming trends in 1961–2004 (Fan et al., 2011) and 1961–2012 (Wang, 2018). In addition, Ren et al. (2016) indicated about the warming in Southwest China during 1992–2011, against its cooling during 1973–1992. Except for the different study periods, another important reason for this inconsistency might be related to the failure of sparse weather stations in Southwest China to fully satisfy the requirements for NSAT estimation (Yang and Jiang, 2017).
Consequently, despite some previous reports on the general characteristics of NSAT in Southwest China, no consistent results were identified. Moreover, to date, few attentions have been paid to the accurate interpolation of climate variables, and the spatial and temporal features of NSAT over Southwest China are not well recognized. Thus, Southwest China presents a good opportunity to improve and test the interpolation method by comprehensively taking into account the terrain effects on NSAT. The key objectives of the current study are: 1) optimization of ANUSPLIN by incorporating more terrain-related factors to improve the accuracy of NSAT estimation; 2) evaluation of the performance of the improved interpolation method by comparing interpolated values to withheld station data, the WorldClim datasets and the HMTC datasets (short for gridded data sets cover China at 1 km × 1 km resolution); and 3) identification of the trends and spatio-temporal variability of NSAT during 1969–2018 over Southwest China.
STUDY AREA AND MATERIALS
Study Area
The study area (83.87°E–112.07°E and 21.14°N–36.49°N) is located in Southwest China, including Guangxi, Guizhou, Chongqing, Yunnan, Sichuan, southern Qinghai and some parts of the Tibet Autonomous Region, with a total area of 2.33 × 106 km2 (Xu et al., 2020) (Figure 1). The elevation in Southwest China presents a considerable variation with a difference of ∼8,000 m, exhibiting complicated topographic structures (e.g., mountains, plateaus, hills, basins, and plains). Due to the wide range of latitudes and complex topography, Southwest China is characterized by a variety of climates and environments, ranging from monsoon region in the southeast zone to semi-arid region in the northwest zone (Jin and Wang, 2016). There are various ecosystems, including tropical rain forest, tropical seasonal rain forest, subtropical evergreen broad-leaved forest, and alpine vegetation (Gao et al., 2018).
[image: Figure 1]FIGURE 1 | Study area and 494 meteorological stations in Southwest China.
Data Sources
Meteorological Data
NSAT datasets during 1969–2018 were downloaded from China Meteorological Data Service Center (http://data.cma.cn), covering 494 meteorological stations in Southwest China (Table 1). Its quality and uniformity were assessed by the National Meteorological Information Center. The data include daily and monthly averages, maximum and minimum temperatures. The annual and seasonal temperatures for each station were obtained by averaging the corresponding month temperatures. Specifically, the spring (Tspring), summer (Tsummer), autumn (Tautumn), and winter (Twinter) denote the averages of March–May, June–August, September–November, and December–February, respectively.
TABLE 1 | Datasets used to analyze NSAT in Southwest China.
[image: Table 1]Terrain Morphology Data
The Digital Elevation Model (DEM) at the spatial resolution of 90 m that was measured by the NASA Shuttle Radar Topographic Mission (SRTM). The DEM data were collected from the Computer Network Information Center, Chinese Academy of Sciences (http://www.gscloud.cn). In this study, the measures used were elevation, slope, and aspect. Prior to formal interpolation, we evaluated the performances of the DEM data with different spatial resolutions. We noticed that with the resolution of 500 m, the interpolation process can be completed with speed and the quality was satisfactory. Thus, all the terrain data were resampled to 500 m × 500 m, and the medians in each grid cell were used.
Other Air Temperature Datasets
The monthly mean near surface air temperature data for 1970–2000 on a 30 arc-second resolution grid were obtained from the WorldClim Data Portal (https://www.worldclim.org). The gridded data sets cover China at 1 km × 1 km resolution (HMTC) for the same period (Peng et al., 2019) were obtained from the National Earth System Science Data Center (http://www.geodata.cn). Specifically, WorldClim dataset is a set of global climate layers, while HMTC dataset was spatially downscaled from the 30 arc-minute resolution Climatic Research Unit (CRU) time series dataset. These reference datasets could provide detailed climatology data, and could be evaluated against the land-based observations. Moreover, they could reflect orographic effects, and are available for monthly mean, minimum and maximum NSATs.
METHODOLOGY
Improved ANUSPLIN Model
The ANUSPLIN is created using thin-plate smoothing splines, which make it suitable for interpolating climate data with large noises (Hutchinson and Gessler, 1994; Price et al., 2000; Guo et al., 2020). The noisy multivariable climatic data are treated as a function with one or more independent variables during the fitting process of a climatic surface, and thus can produce mean error lower than other interpolation methods (Islam and Déry, 2017; Zhao et al., 2019; Cheng et al., 2020). The theoretical statistical model is expressed as:
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where Zi represents the predicted value at location i; xi is the spline independent variable as a multidimensional vector, and f represents a smoothing function of xi which needs to be estimated; yi is the independent covariable as a multidimensional vector, and b is the unknown coefficients for the yi; n is the number of observational data. Each ei is an independent, zero mean error term with variance wiσ2, where Wi is the known relative error variance and σ2 is the error variance which is constant across all data points.
The traditional ANUSPLIN treats longitude and latitude as independent variables, with elevation as a covariate. To optimize the ANUSPLIN model, we improved it by incorporating more terrain-related factors, with slope, and aspect also as covariates (hereafter called M-ANUSPLIN).
Interpolation Methods
The NSAT parameters in Southwest China are estimated using co-kriging, ANUSPLIN and M-ANUSPLIN models, respectively. Due to the complex topography of the domain over Southwest China, we tested the performance of these models using different combinations of covariates (Table 4) to identify the best model in this region, and to find which variable contributes more to NSAT variability.
Model Assessment
To evaluate these models, a 10-fold cross validation test was conducted to assess the overall error of the interpolated NSAT grid. The advantage of 10-fold cross validation is that all observations are used for both training and validation, and each observation is used for validation exactly once. Thus, it is widely used to validate gridded observations (Appelhans et al., 2015; Yoo et al., 2018). In 10-fold cross validation for this study, the original observation data of 494 meteorological stations were randomly partitioned into ten subsamples. Of the ten subsamples, a single subsample was retained as the validation data for testing the model, and the remaining nine subsamples were used as training data. The cross validation process was then repeated ten times, with each of the ten subsamples used exactly once as the validation data. Hence, 10 different combinations of training and test sets were formed, and each of training and test pair was applied and evaluated. Final evaluation of 10-fold cross validation test was determined by the average mis-classification probability over the ten test sets to produce a single estimation.
Based on the results of 10-fold cross validation test, the statistical indices of Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and R-squared (R2) between predicted and observed values were selected as interpolation performance evaluation criteria. Briefly, MAE provides a measure of how far the estimate can be in error; RMSE provides a measure that is, sensitive to outliers; and R2 provides the proportion of variation that is, explained by the predictor variables. The performance and bias were then compared by using the three indices, and the interpolation method with better performance was further selected. The calculation formulas of them are shown below:
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where Pi and Oi are the estimated NSAT and original observational NSAT at each station, respectively; [image: image] is the mean of observational NSAT; and n is the sample number.
Accuracy Comparison
To further examine the accuracy of obtained data set, two published and widely used air temperature products were compared. One is the 30 arc-second resolution grid product obtained from WorldClim Data Portal (hereafter called WorldClim2), the other is the gridded data sets cover China at 1 km × 1 km resolution (hereafter called HMTC). Mean temperature values in time series of 1970–2000 derived from all datasets were compared. The M-ANUSPLIN and WorldClim2 values were resampled to 1 km × 1 km to render them consistent with the HMTC reference products.
Trend Analysis
A trend slope ratio analysis was examined to investigate the changing trends of NSAT for each pixel in 1969–2018 at both annual and seasonal scales. The formula is as follows (Vogelsang and Nawaz, 2017):
[image: image]
where slope is the degree of change in Tem; n is the number of studied years; i is the order of year from 1 to 50 in the study period; and Temi is the average Tem in the ith year. Slope >0 means that the air temperature over n years increased (warming trend); while slope<0 signifies a decreasing trend (cooling trend). To test the significance of these trends, a significance test (F-test) was applied. According to the F-test, the trends were divided into categories of extremely significant (p < 0.01), significant (0.01 < p< 0.05), and non-significant level (p > 0.05).
A coefficient of variation (CV) index was also considered to evaluate the spatio-temporal variation of NSAT. The CV was calculated as follows (Yang and Jiang, 2017):
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where CV is the coefficient of variation for NSAT; [image: image] is the mean temperature; Temi is the temperature for year i; n is the number of studied years; i is the order of year from 1 to 50 in the study period. The significance test is carried out based on the p value. The CV is classified into three categories of weak variation (0 < CV ≤ 10%), medium variation (10% < CV ≤ 100%) and strong variation (CV > 100%).
Change Points Detection
For a long-term climatic dataset, it is expected to experience multiple changes rather than a single break (Khapalova et al., 2018). To detect and identify the time when significant changes for NSAT happened in the time series of 1969–2018, pruned exact linear time (PELT) was also conducted in this study. The superiority of PELT exists in the ability of accurate and fast detection and identification of multiple change-points (Killick et al., 2012).
RESULTS
Model Performance
Table 2 compares the MAE, RMSE and R2 of the predicted NSAT parameters using different models over Southwest China in 1969–2018. Apparently, the prediction of M-ANUSPLIN model gave lower MAE and RMSE compared to the ANUSPLIN and co-kriging models for both annual and seasonal NSATs. The R2 values of the M-ANUSPLIN model were 0.077–0.328°C above those of the other two models. Specifically, for annual parameters, relative to the ANUSPLIN and co-kriging models, the MAEs and RMSEs for the M-ANUSPLIN model were 0.02–0.04°C lower for mean temperature (Tmean); 0–0.02°C lower for maximum temperature (Tmax); and 0.03–0.07°C lower for minimum temperature (Tmin). For seasonal parameters, the MAEs and RMSEs for the M-ANUSPLIN model were also 0.01–0.04°C and 0–0.05°C lower than the ANUSPLIN and co-kriging models. These results indicate the improvement of the M-ANUSPLIN model by incorporating slope and aspect as interpolators. Moreover, Table 2 also reflects the seasonal dependence of the model performance. In general, the MAEs and RMSEs decline in the order from winter to autumn to spring then to summer, while the R2 basically has the opposite trend.
TABLE 2 | 10-fold cross-validation results of the co-kriging, ANUSPLIN, and M-ANUSPLIN models.
[image: Table 2]Figure 2 and Table 3 show the performances of co-kriging, ANUSPLIN and M-ANUSPLIN models along altitudinal gradients. It can be seen that in general, the M-ANUSPLIN model has obvious advantages in regions with altitude <4,000 m, followed by the ANUSPLIN and co-kriging models. However, with the exception of elevation >4000 m, the MAE and RMSE of the M-ANUSPLIN model were slightly higher than those of the ANUSPLIN model. Moreover, in areas with altitude >4,000 m, all the three models generally gave overestimated values.
[image: Figure 2]FIGURE 2 | The MAEs of co-kriging, ANUSPLIN, and M-ANUSPLIN models along altitudinal gradients.
TABLE 3 | Accuracy metrics of co-kriging, ANUSPLIN, and M-ANUSPLIN for the different altitudinal gradients.
[image: Table 3]A summary of the performances of the ANUSPLIN and M-ANUSPLIN models were further compared using different combinations of covariates (Table 4). It can be seen that the incorporation of additional terrain-related factors resulted in more accurate results, and slope angle contribute more to NSAT than slope orientation.
TABLE 4 | Comparisons of the ANUSPLIN model using different combinations of covariates.
[image: Table 4]Temporal Variation
Trends of Annual Temperature
The magnitude of change for annual mean NSAT ranged 15.20–16.81°C. Figure 3 shows the annual variation of NSAT in the last 5 decades in Southwest China. It can be seen that over the whole region, with respect to the mean temperature during the period 1969–2018, the anomalies of mean temperature (Tmean) ranged −0.80 to 0.80°C; maximum temperature (Tmax) ranged −0.93 to 1.07°C; while minimum temperature (Tmin) ranged −0.77 to 0.96°C. In addition, Tmean, Tmax, and Tmin increased by 0.21°C/decade, 0.23°C/decade, and 0.28°C/decade over the past 50 years, respectively. Moreover, the warming rates for minimum temperature (0.28°C/decade) were greater than those for maximum temperature (0.23°C/decade), with Tmin about 1.22 times of Tmax.
[image: Figure 3]FIGURE 3 | Annual variations of NSAT anomalies in Southwest China for the period 1969–2018.
Trends of Seasonal Temperature
The changes of seasonal NSAT for spring, summer, autumn and winter were 15.54–18.06°C, 22.15–24.13°C, 14.63–16.82°C, and 6.26–8.88°C, respectively. Figure 4 indicates the similarity between the temporal patterns of the seasonal NSAT and the annual NSAT trends. Nevertheless, compared with annual NSAT, the temporal variations of seasonal NSAT could not be divided into cooling and warming phases clearly. Specifically, the temperature variations in summer were more stable than that in other seasons. Moreover, for spring, autumn and winter, the temperature variations showed stronger inter-annual fluctuations. This could lead to extreme weather events in Southwest China.
[image: Figure 4]FIGURE 4 | Seasonal variations of NSAT anomalies in Southwest China for the period 1969–2018.
In Figure 4, the warming rate in summer (0.16°C/decade) was lower than those in spring (0.22°C/decade), winter (0.22°C/decade), and autumn (0.23°C/decade). This means that the most unnotable contribution to the warming in Southwest China as a whole comes from summer.
Change-Points of NSAT
Annual and seasonal variations of NSAT anomalies show that the overall warming over Southwest China started in the late 1990s and accelerated after it (Figures 3, 4). Specifically, for mean temperature (Tmean), 18 out of 21 years were above the long-term average after 1998, while it was 3 out of 29 before 1998. This indicates that the NSAT of Southwest China was characterized by the transitions from cold to warm phases in the late 1990s.
To detect and identify the time when significant changes of NSAT occurred, the significant changes of each NSAT parameters were identified by using the PELT method at both annual and seasonal scales (as shown in Figure 5). It can be seen that the annual changes for maximum, average and minimum NSATs were quite similar to the seasonal changes. Moreover, there is strong evidence for the changes in all variables in the late 1990s and early 2000s. Specifically, for the annual mean temperature (Tmean) and maximum temperature (Tmax), the significant changes began after 1997. While for the minimum temperature (Tmin), there were two significant change points with both of them indicating a warming phase. The first change also started after 1997, and the second change began after 2011. Regarding the seasonal parameters, the change began after 1997, 2004, 1997, and 1985 for spring, summer, autumn and winter, respectively.
[image: Figure 5]FIGURE 5 | Change-points for annual and seasonal NSATs in Southwest China for the period 1969–2018 (p-value < 0.05).
Overall, it is clear that most of the significant changes of NSAT occurred either in the late 1990s or in the early 2000s. Thus, in terms of NSAT variations, the late 1990s and early 2000s can be remarked as the abrupt change period in Southwest China.
Spatial Variation of NSAT
To further probe into the spatial variation patterns of annual and seasonal NSATs over Southwest China, the variations with significance test were analyzed at the pixel scale. The area proportions occupied by extremely significant, significant and non-significant NSAT related indices are shown in Figures 6, 7. It can be seen that the M-ANUSPLIN interpolation datasets can capture the detailed NSAT very well, and they can accurately represent the climate characteristics in Southwest China, such as the extremely significant cooling regions with high elevations (e.g., the northwest of Qinghai-Tibet Plateau), the non-significant warming regions with low elevations (e.g., the northeast of Sichuan Basin), and extremely significant warming regions in most part of the study area. Moreover, despite slight differences between the spatial variations of annual NSAT and those of the seasonal indices, they exhibited highly consistent characteristics. Specifically, for the mean annual NSAT, during the period 1969–2018, 85.66% of the study area showed extremely significant warming with the most notable increases in the southeast region. Areas occupied by non-significant warming accounted for 2.48%, followed by significant warming with 1.32%, leading to an overall warming tendency across Southwest China. Nevertheless, the northwest region experienced a contrary characteristic, with extremely significant, and significant cooling accounted for 8.35%. This could be attributed to the high altitude in this region, which belongs to the Qinghai-Tibetan Plateau. Regarding the mean seasonal NSAT, areas occupied by extremely significant warming in spring, summer, autumn and winter accounted for 63.48, 71.47, 72.36 and 54.77%, respectively. Otherwise, it can be seen that winter has the highest proportions for non-significant warming, comparing to other seasons (Figure 7).
[image: Figure 6]FIGURE 6 | Trends of annual NSAT over Southwest China for the period 1969–2018. Panels (A–C) correspond to the mean annual, mean annual maximum, and minimum temperatures, respectively.
[image: Figure 7]FIGURE 7 | Trends of NSAT over southwest China for the period 1969–2018. Panels (A–D) correspond to the mean spring, summer, autumn, and winter NSATs, respectively.
Figure 8 shows the coefficient maps of variation (CV) index for NSAT over Southwest China. It indicates the high consistency of the CV index of annual NSAT with that of seasonal index over the past 50 years. Both annual and seasonal CV indices were generally stable and mainly dominated by weak or medium variations. Strong variations were mainly observed in high altitude regions, or in the combined section for encompassing plain and mountainous regions. For seasonal NSAT indices, it also mainly exhibited weak or medium variations, with different patterns in different seasons. Specifically, strong variations were identified in autumn and spring, followed by winter, while summer was the most stable, denoting that autumn maybe more susceptible to the warming.
[image: Figure 8]FIGURE 8 | Coefficient of variation (CV) index for NSAT over Southwest China for the period 1969–2018. Panels (A–G) correspond to the mean annual, mean annual maximum, mean annual minimum, mean spring, mean summer, mean autumn, and mean winter NSATs, respectively.
DISCUSSION
Priority of M-ANUSPLIN
Previous studies indicated that topographic information might be the key factor in climate indices prediction, especially in mountainous or high altitude areas with low density of meteorological stations (Gao et al., 2018; Peng et al., 2019). Therefore, it is possible that the precision of interpolation could be further improved by incorporating more detail terrain-related factors (Cheng et al., 2020). Nevertheless, traditional interpolation method is usually processed under the assumption that the NSAT is only dependent on the altitude. However, Šafanda (1999) demonstrated the strong dependence of NSAT on slope angle and orientation. Therefore, it is possible that the precision of interpolation for NSAT could be improved by considering slope angle and orientation in the interpolation process.
In this study, we included longitude and latitude as independent variables, and incorporated elevation, slope and aspect as covariates. We found that compared to the ANUSPLIN model, the MAE and RMSE values decreased by 0–5.77 and 1.96–8.86% for annual parameters, and 1.43–4.65 and 0–7.35% for seasonal parameters. As a result, the M-ANUSPLIN exhibited smaller deviation and performed better against other interpolation methods, especially in mountainous regions. However, our results also reflected the relatively poor performance of the M-ANUSPLIN model in regions with altitude >4,000 m, suggesting that it is not optimal for all regions.
Our study confirmed that slope is an important terrain-related factor in the interpolation process for NSAT (Table 4). As slope angle affects the temperature of surface objects by influencing the incidence angle and reflectivity of solar radiation, and then alters NSAT (Li et al., 2015; Peng et al., 2020). However, our study revealed the much smaller contribution of slope orientation to NSAT estimation than slope angle. This is not consistent with existing knowledge, which believes that slope orientation plays an important role in NSAT prediction. Earlier studies reported that in the middle latitudes of the Northern Hemisphere, the north slopes are generally colder at the same elevation than the south slopes because sunny aspects receive more direct solar radiation than northern aspects (Šafanda, 1999; Li et al., 2015). One reason for this inconsistent might be due to the different vegetation types in Southwest China. For example, Šafanda (1999) explained that the surface temperature in the meadow is higher than that in the forest because much of the Sun radiation is absorbed by the trees. Thus, the NSAT for meadows located at north slopes might be higher than the NSAT for forests located at south slopes. Another reason might be due to the existence and duration of the snow cover in high altitude regions, which can offset the effects of slope orientation on NSAT. Consequently, the effect of slope orientation on NSAT in Southwest China was smaller compared to those in other regions.
Comparisons With Other Datasets
To examine the accuracy of M-ANUSPLIN interpolated dataset, the predicted results were compared to both the WorldClim 2.0 dataset (Fick and Hijmans, 2017) and the HMTC dataset (Peng et al., 2019). The 10-fold cross validation test was used to evaluate the overall error of the interpolated NSAT grid obtained from each dataset and the original observation data of 494 meteorological stations (Table 5).
TABLE 5 | Comparisons of annual and seasonal climatology indices among different datasets.
[image: Table 5]Table 5 lists the mean, maximum, minimum values for annual and seasonal NSAT variables obtained from different datasets. It can be seen that the climatology anomaly of M-ANUSPLIN dataset is the lowest comparing to the WorldClim 2.0 and the HMTC datasets. Specifically, the anomalies are relatively high for HMTC (0.72–1.51°C for MAE and 1.19–1.97°C for RMSE); intermediate for WorldClim2 (0.66–0.87°C for MAE and 1.03–1.36°C for RMSE); and the lowest for M-ANUSPLIN (0.50–0.69°C for MAE and 0.82–1.14°C for RMSE). The seasonal NSAT variables shows the similar trend, where HMTC gives the highest estimation error, followed by WorldClim2 and M-ANUSPLIN. The good performance of M-ANUSPLIN can be mainly attributed to two reasons. Firstly, in case of WorldClim2 and HMTC datasets, only ∼300 sites and ∼500 sites of in-situ observation stations were respectively used for interpolation, and therefore significant biases occurred due to the complex terrain (Peng et al., 2019). Secondly, the M-ANUSPLIN model incorporated more detailed topographic information than traditional models, and thus can capture NSAT features with better precision.
Overall, the results indicate that the improved M-ANUSPLIN model can produce more accurate NSAT values than traditional interpolation models, and has apparent advantages over other interpolation methods in complex terrain areas like Southwest China.
Study Limitations
Whilst this study demonstrated that the improved M-ANUSPLIN method can estimate more accurate NSAT than traditional models, especially in complex terrain areas like Southwest China, uncertainties still remain regarding the density of meteorological stations, input datasets and urbanization effect. Firstly, as gauge stations are relatively sparse in the western region of the study area, acquiring a correct distribution of NSAT through interpolation is difficult. The interpolated NSAT grid surface might contain some biases, which could introduce some uncertainty, especially in regions where the NSAT varies significantly in space and time. In addition, as the satellite SRTM product represents the average value in a 500 m × 500 m pixel, it does not provide the fine details and thus could not fully represent the real situation, which might also lead to additional biases.
Secondly, another source of uncertainty could be due to the input datasets. The NSAT is affected not only by topographical factors, but also closely related to other factors, e.g., vegetation and soil (Cho and Choi, 2014; Lensky et al., 2018). Moreover, as mentioned above, the effects of snow cover could be stronger than general expectation. It implies the need of careful interpretation of NSAT. Therefore, to further improve the accuracy of NSAT prediction, more information should be taken into account in the future.
Thirdly, the urbanization heat effect, which has a strong warming effect on NSAT (Kalnay and Cai, 2003; Ren et al., 2008; Luo and Lau, 2021), has not been considered in this study. This could cause an underestimation of NSAT, especially in the eastern region of Southwest China with a lot of big cities. Nonetheless, the results of this work should still, at least qualitatively, reveal the trends and spatial-temporal variations of NSAT in Southwest China over the past 50 years.
Lastly, elevation is an important factor affecting spatial variability of climate (Pepin et al., 2015). It is well known that for a stationary atmosphere, an increase in elevation leads to a subsequent decrease in air pressure and NSAT (You et al., 2008). According to EI Kenawy et al., 2009, different regions can experience different variations of NSAT, as each region has a unique terrain (Limsakul & Goes, 2008). Moreover, the variation of NSAT was not consistent between high and low land areas. Many studies suggested that NSAT increased more rapidly at higher than at lower elevations (Beniston, 2003; You et al., 2008; Pepin et al., 2015), which has been defined as elevation-dependent warming (EDW). However, this faster warming is not ubiquitous across the globe (Thakuri et al., 2019). In general, this study agrees with the previous studies of the EDW phenomenon with most high-altitude areas show significant warming. Nevertheless, we also observed a significant cooling trend in some high altitude regions like the northwestern part of Southwest China in the past 50 years. The reason for this phenomenon is still unclear, thus further investigation would be required.
CONCLUSION
This study enhanced the ANUSPLIN model by incorporating elevation, slope angle and orientation as covariates; and constructed monthly NSAT datasets with a spatial resolution of 500 m in Southwest China from January 1969 to December 2018. The accuracy of the M-ANUSPLIN model was evaluated by analyzing error statistics based on comparisons between interpolated values against withheld stations data. Furthermore, we compared the M-ANUSPLIN predicted dataset against existing datasets. To our knowledge, this is one of the few studies which considered slope angle and orientation to account for the terrain effects on NSAT. The independent validation results confirmed the clear advantages of the optimized M-ANUSPLIN model against other interpolation methods in Southwest China. Our methodology therefore represents a significant and practical improvement in NSAT estimation. Therefore, it has great potential for meteorological and climatological research, especially in mountainous regions with diverse topography.
As mentioned above, during the period 1969–2018, consistent warming and significant EDW were found in most part of Southwest China, while some sporadic areas like northwestern region exhibited opposite trends. In general, Southwest China experienced an overall warming with a rate of 0.21°C/decade, obviously higher than mainland China and global averages. This implies that Southwest China is more sensitive to global warming than generally recognized. The warming mainly started in the late 1990s, and the hiatus or slowdown phenomenon was not observed as expected, and the NSAT experienced a persistent and even more significant warming after the 1997/1998 EL Niño event. This means that climate change in Southwest China should be of particular concern. Moreover, the increase of low temperature was significantly greater than that of high temperature, where the warming rate of Tmin (0.28°C/decade) about 1.22 times of Tmax (0.23°C/decade); and that of Twinter (0.22°C/decade) about 1.38 times of Tsummer (0.16°C/decade). These indicate that the increases of Tmin and Twinter contribute the most to the warming effect in Southwest China over the past 50 years.
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