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Abstract 25 

Spatial climate datasets currently available for Bhutan are limited by weather station data 26 

availability, spatial resolution, or interpolation methodology. This paper presents new 27 

datasets for monthly maximum temperature, minimum temperature, precipitation and vapour 28 

pressure climate normals interpolated for the 1986-2015 reference period using trivariate 29 

smoothing splines. The inclusion of standardised day time Moderate Resolution Imaging 30 

Spectroradiometer (MODIS) land surface temperature (LST) values as partial spline 31 

dependencies reduced cross validated RMSE for maximum temperature by up to 16.0% and 32 

was most effective between March and September. Using both a topographic index of relative 33 

elevation and standardised night time MODIS LST values as partial spline dependencies 34 

reduced monthly mean minimum temperature RMSE by up to 23.4%. Neither variable was 35 

effective for minimum temperature interpolation between June and September. High 36 

humidity, extensive cloud cover and heavy precipitation occur during these months, which 37 

are likely to suppress the formation of temperature inversions that typically form under clear, 38 

calm conditions. These new temperature and precipitation surfaces show distinct differences 39 

from the WorldClim and CRU CL 2.0 datasets, which do not use weather stations within 40 

Bhutan for calibration. New precipitation surfaces better describe the heavy rainfall 41 

experienced in the southern foothills while retaining the effect of orography throughout the 42 

central valleys and ranges. The development of vapour pressure surfaces also allow for the 43 

calculation of ecologically important variables such as vapour pressure deficit, and may also 44 

be useful for solar radiation modelling in the region. The different datasets presented in this 45 

paper will facilitate ecological and agricultural research in Bhutan and provide high quality 46 

surfaces needed for future climate change scenarios.  47 

48 
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Introduction 51 

The Himalayas comprise some of the most complex and extreme topography in the world, 52 

forming a natural barrier between the Tibetan plateau and the low-lying plains of the Indian 53 

subcontinent. The mountain range spans a distance of approximately 2,400 km from west to 54 

east, reaching peaks of over 8,500 m above sea level (asl) and crossing through Bhutan, 55 

India, Nepal, China and Pakistan. Uplift of the Himalayas and the Tibetan plateau over the 56 

past 50 million years has had large impacts upon the evolution of the Asian monsoon and 57 

intensified aridity in central Asia (Zhinsheng et al. 2001). Historically, the region has been of 58 

great interest to climatologists (Hill 1881; Flohn 1970; Barry 2008); however, few studies 59 

have focused specifically on the climatology of Bhutan.  60 

61 

Bhutan has an extremely diverse climate given its small size, which is due to the highly 62 

variable and complex topographic features that comprise the landscape. The climate is 63 

expected to change considerably over the coming decades (Singh et al. 2011) with mean 64 

annual temperature projected to increase by up to 3.5 °C and mean annual regional 65 

precipitation projected to increase between 80 mm and 180 mm by the 2050s (Tse-ring et al. 66 

2010). High resolution climate datasets can facilitate ecological and agricultural research and 67 

land management decisions, as the spatial distribution and productivity of vegetation is 68 

heavily dependent upon climatic conditions (Austin & Van Niel 2011; Elith & Franklin 69 

2013). Currently there is a paucity of spatial climate datasets calibrated using ground-based 70 

station observations for Bhutan which limits the ability to conduct robust assessments of 71 

climate and climate change on forests and agricultural ecosystems.  72 
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73 

The latitudinal position in addition to the topographic extremes and complexity of the 74 

Himalayan region means that the climate has some unusual features. Temperature lapse rates 75 

show distinct trends that are associated with the seasonal reversal of the north Indian 76 

monsoon (Kattel et al. 2013; 2015; Dorji et al. 2016) and tend to be suppressed during the 77 

humid, cloudy, and wet summer months. Increased levels of atmospheric moisture and the 78 

forced ascent of air against the Himalayas result in cloud formation, precipitation and an 79 

associated release of latent heat (Ohata et al. 1981; Whiteman 2000; Barry 2008; 80 

Krishnamurti et al. 2013), particularly at higher elevations (Kattel et al. 2013). The cloudy 81 

conditions also cause more solar radiation to be reflected during the day, leading to cooler 82 

temperatures at lower elevations (Kattel et al. 2013). Kattel (et al. 2013) found residual errors 83 

were much larger for minimum temperatures than for maximum temperatures in Nepal and 84 

attribute this result to nocturnal temperature inversions. Temperature inversions typically 85 

develop under clear, calm conditions. At night time, thermal stratification of air in the lower 86 

troposphere (as a result of radiative cooling, subsidence, or convection of warm air over 87 

regions of cooler air) can cause a decoupling of the slope and valley atmospheres in 88 

mountainous terrain (Geiger 1965; Whiteman 2000; Barry 2008; Daly et al. 2009). As a 89 

consequence, cold air pools develop in basins and valley bottoms, and slopes become warmer 90 

due to convective processes. While this phenomenon is typically more pronounced in regions 91 

of complex topography, it may also manifest in comparatively flat terrain (Barry 2008; Kattel 92 

et al. 2013). Much weaker inversions are observed under windy conditions, or where cloud 93 

cover and water vapour decrease net longwave radiation losses (Iijima & Shinoda 2000; 94 

Whiteman et al. 2007; Zardi & Whiteman 2013). The spatial distribution of minimum 95 

temperature is therefore heavily dependent upon local terrain, and several studies have 96 

demonstrated that focal topographic metrics (Daly et al. 2007; Ashcroft & Gollan 2012) and 97 
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thermal remote sensing data (Stewart & Nitschke 2016) can be effective for improving 98 

minimum temperature interpolation performance. 99 

100 

Globally consistent climatologies such as WorldClim (Hijmans et al. 2005) and those 101 

developed by the Climatic Research Unit (CRU), University of East Anglia (New et al. 1999; 102 

New et al. 2002; Harris et al. 2014) can be used to extract climate data for most regions; 103 

however, they are somewhat limited for fine-scale ecological studies due to low spatial 104 

resolution and the variable density of suitable weather station data. The CRU suite of 105 

products are available at a spatial resolution of 18 km or 50 km, and are therefore limited in 106 

their ability to resolve the effects of fine scale topographic complexity on climate. 107 

Downscaling approaches (e.g. Wang et al. 2012) can be used to increase the spatial resolution 108 

of climate data; however, they typically rely on elevation dependencies and do not currently 109 

allow the incorporation of additional explanatory variables that can improve the quality of 110 

fine scale interpolations (Stewart & Nitschke 2016). WorldClim was developed at a much 111 

higher spatial resolution of approximately 1 km but does not provide data on variables such 112 

as humidity, sunshine duration and wind speed that are important ecologically. One of the 113 

key challenges in developing these globally representative surfaces is the availability of 114 

suitable station observations that are of sufficient density to capture regional scale 115 

climatological processes. Many regions of the world are underrepresented within these 116 

databases (CRU 2016; NOAA 2016; Hijmans et al. 2010), which can result in poor 117 

interpolation performance (Hijmans et al. 2005). The networks of weather stations typically 118 

used for these analyses do not include locations within Bhutan (CRU 2016; NOAA 2016; 119 

Hijmans et al. 2010). For example, the stations used for the WorldClim dataset (Figure 1; 120 

Hijmans et al. 2010) are sparse given the topographic complexity in this region, and many of 121 

the weather stations are no longer operational, particularly in India near the southern border 122 
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of Bhutan. 123 

124 

Until recently, the network of weather stations operating within Bhutan had not been used to 125 

develop spatially representative climate datasets for the region. Dorji (et al. 2016) used linear 126 

and polynomial regressions to describe the distribution of seasonal temperature and 127 

precipitation across Bhutan. The equations developed by Dorji (et al. 2016) are broadly 128 

representative of the region; however, they retain residual error when generating prediction 129 

surfaces and do not account for a spatially varying dependence upon elevation. Furthermore, 130 

extrapolating precipitation into the northern regions of Bhutan using polynomial regression 131 

and excluding the effects of orography are likely to lead to oversimplified predictions of 132 

rainfall.  133 

134 

The WorldClim and CRU CL 2.0 (New et al. 2002) datasets have been generated using 135 

trivariate thin plate smoothing splines (Wahba 1990) which are robust for climate 136 

interpolation (Hutchinson 1995; Hutchinson et al. 2009). Thin plate splines allow for a 137 

spatially varying dependence on elevation and minimise residual error at calibration 138 

locations; both of which are significant advantages over alternative methods such as linear 139 

regression. The thin plate spline algorithm is comprised of an affine component which is used 140 

to fit the global trend (as a function of spline variables) and a local non-affine component that 141 

adjusts the local non-linear surface. Trivariate splines are most commonly fit with full spline 142 

dependence upon latitude, longitude and elevation. Additional independent covariates can be 143 

incorporated by extension to a partial spline model, which includes a parametric regression 144 

component (Bates et al 1987).  145 

146 
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The objective of this study was to develop improved temperature, precipitation and vapour 147 

pressure datasets for Bhutan that address limitations of existing climate surfaces available for 148 

the region. This was done by using the local weather station network in conjunction with 149 

spline-based interpolation methods. The relative performance improvements that can be 150 

achieved by including thermal remote sensing data and local topographic metrics as partial 151 

spline dependencies when interpolating temperature variables were also assessed. These 152 

variables have recently demonstrated an improvement in temperature interpolation 153 

performance in topographically complex landscapes in southeast Australia (Stewart & 154 

Nitschke 2016). The climate surfaces developed in this study were compared against the 155 

globally representative WorldClim (Hijmans et al. 2005) and CRU CL 2.0 (New et al. 2002) 156 

datasets in order to highlight the importance of spatial resolution and observation density 157 

when developing interpolated climate surfaces.   158 

159 

Method 160 

Study Site 161 

Bhutan is a land-locked country located on the southern slopes of the eastern Himalayas, 162 

sharing borders with China to the north and India to the east, west and south. The largely 163 

mountainous country is 38,394 km2 in area and ranges from approximately 100 m asl in the 164 

south to 7,500 m asl in the far north (Figure 2). The extreme range in elevation leads to 165 

highly variable climatic conditions within a distance spanning only 170 km in latitude (Norbu 166 

et al. 2003). Like many regions of Asia the climate of Bhutan is monsoonal. South-westerly 167 

winds bring moist air from the Bay of Bengal to Bhutan during the summer phase of the 168 

north Indian monsoon (Krishnamurti et al. 2013; Tamang 2014). The country has three 169 

distinct climatic zones; alpine, temperate and subtropical (NSB 2015). The climate is humid 170 

and subtropical in the southern plains and foothills (100 – 2,000 m asl), with heavy rainfall 171 
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occurring during the summer monsoon. The inner Himalayan valleys of the central regions 172 

have a temperate climate (2,000 – 4,000 m asl); however, they often receive less rainfall than 173 

the surrounding slopes and ridges as cloud cover and precipitation are suppressed by strong 174 

up-valley and up-slope winds (Barry 2008; Whiteman 2000). The high Himalayas to the 175 

north experience a cold alpine climate (4,000 m asl and above) and a permanent snow line 176 

can be found above 4,800 m asl (Tamang 2014). In winter, the snow line across the eastern 177 

Himalayas can descend to around 3,000 m asl (Mani 1981).   178 

179 

The estimated population of Bhutan is 784,000 (as of 2016), and approximately 56% of 180 

people are employed in the agricultural sector (NSB 2015; UN Data 2016).  Over 70% of the 181 

country is under forest cover (Figure 3; LCMP 2011; NASA LP DAAC 2016). Bhutan hosts 182 

a diverse range of vegetation and forest types (Ohsawa 1987; LCMP 2011; NBSAP 2014), 183 

owing to the complex topography and corresponding climatic variability. The subtropical 184 

climate zone is comprised of broadleaf, chir pine (Pinus roxburghii) and tropical lowland 185 

forest. Fir, mixed conifer, blue pine (Pinus wallichiana) and mixed broadleaf and conifer 186 

forest can be found in the temperate climate zone, and the alpine climate zone consists of 187 

meadows and scrubs.  188 

Datasets189 

Daily maximum temperature, minimum temperature, precipitation and relative humidity 190 

records for 71 weather stations operating between January 1986 and December 2015 were 191 

obtained from the Department of Hydro-Met Services (DHMS), Ministry of Economic 192 

Affairs, Bhutan. Latitude, longitude and elevation at each station were extracted from site 193 

metadata also provided by the DHMS. The network of stations used throughout the analysis 194 

was distributed across elevations ranging from 180 m asl to 3,537 m asl (Figure 1). The 195 

record length at each station was on average 19.6 years long, with a minimum of 6.7 years 196 
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and maximum of 30 years of observations. Daily records were excluded where the maximum 197 

temperature was reported as lower than the minimum temperature (795 daily records), 198 

relative humidity was below 0 % or above 100 % (128 daily records), or the amount of 199 

precipitation was negative (7 daily records).  200 

201 

Estimates of daily vapour pressure, rather than observations of relative humidity, were used 202 

to ensure dependence upon elevation.  Daily vapour pressure was derived from the saturation 203 

vapour pressure of the mean daily temperature and relative humidity (Abtew & Melesse 204 

2013). The mean daily temperature was calculated as the average of the maximum and 205 

minimum temperature. The saturation vapour pressure, 𝑒𝑠 , was calculated using a 206 

reparameterisation (Alduchov & Eskridge 1996) of the August-Roche-Magnus equation 207 

(Lawrence 2005); 208 

𝑒𝑠(𝑇) = 6.1094 × 𝑒𝑥𝑝 
17.625×𝑇
243.04+𝑇    (1) 209 

The daily vapour pressure, 𝑒, was then derived from the saturation vapour pressure at the 210 

mean temperature and relative humidity (𝑅𝐻); 211 

𝑒 = 𝑒𝑠(𝑇𝑚𝑒𝑎𝑛) × 𝑅𝐻    (2) 212 

213 

214 

Provisional climate normals (hereafter referred to as climate normals), representing the mean 215 

monthly conditions between 1986 and 2015, were calculated for maximum temperature, 216

minimum temperature, precipitation and vapour pressure at each station. Monthly values 217 

were computed using daily observations prior to the calculation of mean monthly values. 218 

Monthly precipitation was calculated as the sum of daily precipitation where observations 219 

were available for each day of the month. Monthly mean temperature and vapour pressure 220 

This article is protected by copyright. All rights reserved.

Estimates of daily vapour pressure, rather than ob

to ensure dependence upon elevation.  

vapour pressure of the mean daily temperature and relative humidity (Abtew & Melesse 

2013). The mean daily temperature was calculated as the average of the maximum and 

minimum temperature

reparameterisation

(Lawrence 2005); 

𝑇) = 6.1094

The daily vapour pressure, 

mean temperature and relative humidity (

𝑒𝑠(𝑇𝑚𝑒𝑎𝑛𝑇𝑚𝑒𝑎𝑛𝑇 )

Provisional climate normals

monthly conditions



were calculated as the mean of each daily observation where the following criteria were met; 221 

(1) no more than 10 missing days of data were allowed, and (2) no more than 4 consecutive 222 

days of missing data were allowed (WMO 2011). Calculating climate normals for any 223 

reference period may be biased due to short or incomplete records at different observation 224 

locations. A regression patching approach was tested to correct for any potential bias induced 225 

by short term records by regressing observations against neighbouring stations (Hopkinson et 226 

al. 2012; Stewart & Nitschke 2016); however, this method did not produce reliable results. 227 

Monthly climate normals were therefore calculated for each station where at least 10 years of 228 

observations were available for each month (Hijmans et al. 2005) to ensure interpolation was 229 

supported by a sufficient number of data points in different locations and at the highest 230 

elevations.  231 

232 

Potential biases in short term means were investigated using interpolation variance and by 233 

analysing ranked residuals throughout the cross validation procedure for each variable. 234 

Stations were identified as suspect where the calculated mean value was more than 3.6 235 

standard deviations from the cross validated prediction. This approach identified one suspect 236 

station which was subsequently removed from all analysis due to close proximity with 237 

neighbouring stations and short record length (10 years for each month). The removal of 238 

additional short term records selected based on ranked residuals consistently led to decreased 239 

performance at neighbouring stations (including those with more than 20 years of data) and 240 

therefore they were retained throughout the analysis. Excluding the suspect station and those 241 

with less than 10 years of data resulted in a satisfactory spatial and temporal coverage, with 242 

the number of stations available for analysis reduced by between 6 and 11 % for any variable 243 

or month. 244 

245 
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The digital elevation model (DEM) used throughout the analysis was obtained from the 246 

CGIAR Consortium for Spatial Information (http://srtm.csi.cgiar.org). This was resampled to 247 

7.5 arc seconds (approx. 225 m cell resolution at the equator) using the sink-filled 3 arc 248 

second (approx. 90 m cell resolution) Shuttle Radar Topography Mission (SRTM) dataset 249 

(Jarvis et al. 2008). One of the issues with interpolating precipitation across a fine resolution 250 

DEM is that the predictions are heavily influenced by local topography, leading to 251 

unrealistically large differences at very small spatial scales. As precipitation is not strongly 252 

correlated with elevation at distances up to 5 km to 10 km (Hutchinson 1998; Sharples et al. 253 

2005), the original DEM was smoothed using a Gaussian filter for calibrating and predicting 254 

precipitation (Barnes 1964; Daly et al. 2007). The use of a focal filter to smooth elevation 255 

allows for precipitation surfaces to be generated at high resolution without extreme short 256 

range variability. The degree of smoothing is determined by the filter extent and standard 257 

deviation of the Gaussian distribution. The smoothing filter was applied with a circular search 258 

diameter of 35 cells (approx. 7.8 km) and a standard deviation of 10 cells using the System 259 

for Automated Geoscientific Analysis (SAGA) software package (Conrad et al. 2015). The 260 

required level of smoothing was determined by iteratively adjusting the standard deviation of 261 

the filter (5 to 25) and cross validating precipitation climate normals (Appendix S1). 262 

Performance was optimal at a standard deviation of 10 cells, although the differences 263 

between each level of smoothing varied by less than 1.5% in RMSE. Geographic coordinates 264 

were expressed in decimal degrees and elevation expressed in kilometres during all analyses 265 

(Hutchinson 1995; Hutchinson 1998; Hutchinson 2009) to minimise error during cross 266 

validation and surface generation. 267 

268 

The effects of topographic position on minimum temperature were assessed using a 269 

topographic index of relative elevation, which has been shown to improve model 270 
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performance by representing the effect of overnight temperature inversions and cold air 271 

pooling processes (Daly et al. 2007; Ashcroft & Gollan 2012; Stewart & Nitschke 2016). 272 

This index was calculated as the square root of the difference between the elevation at each 273 

target cell and focal minimum within an 8.76 km circular search diameter. The optimal focal 274 

range for the topographic index was systematically assessed by iteratively adjusting the 275 

search diameter (1.1 km to 90.2 km) and cross validating minimum temperature (Appendix 276 

S2).  277 

278 

Thermal remote sensing data from collection 6 of the Moderate Resolution Imaging 279 

Spectroradiometer (MODIS) MOD11A2 (Wan et al. 2015) Land Surface Temperature (LST) 280 

product (approx. 1 km cell resolution) was used as an independent covariate for temperature 281 

interpolation. The MOD11A2 MODIS product can be effective in improving temperature 282 

interpolation (Hengl et al. 2012; Stewart & Nitschke 2016) as it provides an indirect estimate 283 

of land surface temperature and is sensitive to land cover classification (Snyder et al. 1998; 284 

Wan 2006). All 8-day composite scenes available between February 2000 and December 285 

2015 were downloaded using the MODIS package (Mattiuzzi 2016) in R (R Core Team 286 

2016). Scenes were rejected where visual inspection indicated clear spatial artefacts, or the 287 

number of cells with invalid LSTs was greater than 50% across Bhutan. This threshold was 288 

set to ensure enough scenes were retained during the summer monsoon, when there is a very 289 

high level of cloud cover. Each image was then transformed into z-scores, grouped by month 290 

and averaged for each cell location. Outliers falling outside of the 95% confidence interval 291 

were excluded when calculating the final mean value at each cell location (Stewart & 292 

Nitschke 2016).  Standardised monthly MODIS surfaces were calculated separately for day 293 

scenes and night scenes to be used as predictors for interpolation of maximum temperature 294 

and minimum temperature, respectively. Due to the extremely cloudy conditions and spatial 295 
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artefacts noted for several months during visual inspection of the LSTs, clear sky masks from 296 

the MOD11A2 product were also used to support the analysis. Daily clear sky images were 297 

extracted by converting 8-bit integers in the 8-day composite clear sky data to binary vectors. 298 

The mean fraction of clear sky during the day and night was then calculated for each pixel, 299 

and as a regional average, for each month. 300 

301 

Data Analysis  302 

Monthly maximum temperature, minimum temperature, precipitation and vapour pressure 303 

climate normals for the 1986-2015 reference period were interpolated using trivariate splines 304 

(Wahba 1990; Hutchinson 1995) in ANUSPLIN 4.4 (Hutchinson & Xu 2011). The spline 305 

smoothing parameter was estimated using generalised cross validation (GCV; Craven & 306 

Wahba 1979). For each variable, full spline dependence upon latitude, longitude and 307 

elevation was assessed. Additional partial dependencies (Bates et al. 1987) were also assessed 308 

for both maximum temperature (standardised MODIS day time LST) and minimum 309 

temperature (standardised MODIS night time LST, topographic index). The square root of 310 

vapour pressure (McKenney et al. 2004) and precipitation (Hutchinson 1995; Hutchinson 311 

1998; Hutchinson 2009) climate normals were used for interpolation and the final predictions 312 

were subsequently converted back to units of hectopascals (hPa) and millimetres. 313 

ANUSPLIN internally corrects for the small amount of bias that arises as a result of these 314 

transformations (Hutchinson & Xu 2011). As site elevations extracted from the smoothed 315 

precipitation DEM are a function of the surrounding landscape they may differ from values 316 

present in the site metadata (RMSE = 323 m). Precipitation was therefore cross validated 317 

using both the actual and smoothed elevation values to ensure the smoothed interpolation 318 

would produce reliable results. 319 

320 
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Cross validation was performed by iteratively leaving out one observation and refitting the 321 

model until independent predictions were made for all locations. The coefficient of 322 

determination (r2), mean absolute error (MAE), root mean square error (RMSE), ratio of the 323 

RMSE to the standard deviation of the observations (RSR; Moriasi et al. 2007) and mean 324 

error (BIAS) were used to assess model performance. Following cross validation, monthly 325 

climate normal surfaces were generated using all available stations for each model. 326 

327 

Residual analyses were performed to investigate the differences in model predictions when 328 

using alternative variables for interpolation, and also to compare the surfaces generated in 329 

this study against globally representative climate datasets. In order to detect differences in the 330 

spatial distribution of model predictions for temperature, residual values were calculated for 331 

each partial trivariate spline model by subtracting the trivariate spline with full dependence 332 

upon latitude, longitude and elevation. Empirical cumulative distribution plots were used to 333 

investigate the spread of mean annual maximum and minimum temperature residuals. 334 

November was selected to illustrate the spatial distribution of minimum temperature 335 

residuals.  336 

337 

Mean annual temperature and annual precipitation were extracted from the WorldClim 338 

(Hijmans et al. 2005) and the CRU CL 2.0 (New et al. 2002) datasets and compared against 339 

the new surfaces generated using the local weather station network. Residuals were 340 

calculated by subtracting the WorldClim and CRU surfaces from the gridded datasets 341 

generated in this study. Thermal remote sensing data is sensitive to land use type (Snyder et 342 

al. 1998; Wan 2006) and therefore partial spline models for temperature using standardised 343 

MODIS LST values were not assessed against the WorldClim or CRU datasets to ensure an 344 

appropriate comparison. 345 

This article is protected by copyright. All rights reserved.

error (BIAS) were used to assess model performance. 

climate normal surfaces were generated using all available stations for each 

Residual analyses were performed to investigate the differences in model predictions when 

using alternative variables for interpolation, and also to compare the surfaces generated in 

this study against globally representative climate datasets. 

spatial distribution of model predictions for temperature, residual values were calculated

each partial trivariate spline model

upon latitude, longitude and elevation

investigate the spread of mean annual maximum and minimum temperature residuals. 

November was

residuals.  

Mean annual temperature and annual precipitation were extracted from the WorldClim 

(Hijmans et al. 2005) and the CRU CL 2.0 (New et al. 2002) datasets and compared against 

the new surfaces generated using the local weather station network. Residuals were 

alculated by subtracting the WorldClim and CRU surfaces from 



346 

Results 347 

Cross validated statistics for maximum temperature, minimum temperature, vapour pressure 348 

and precipitation climate normals are summarised in Table 1. All partial spline models for 349 

temperature variables provided a performance improvement over the full trivariate spline. 350 

Pooled statistics for maximum temperature demonstrate a 7.9 % improvement in RMSE over 351 

the full trivariate spline when using standardised day time MODIS LST values as an 352 

independent covariate. Pooled statistics for minimum temperature demonstrate an 353 

improvement of between 10.4 % and 12.3 % in RMSE when using standardised night time 354 

MODIS LST values, the topographic index, or their combination, as independent covariates. 355 

The use of smoothed DEM values rather than site elevations provided an 8.8% reduction in 356 

RMSE for precipitation. All variables achieved an RSR of 0.3 or less, indicating good model 357 

performance. Mean error (BIAS) was negligible for temperature and vapour pressure; 358 

however, there was a small negative bias for smoothed precipitation (-5.01 mm) which 359 

equated to -0.03 % as a proportion of the mean observed value.  360 

361 

The cross validated monthly RMSE for all variables and models summarised in Table 1 are 362 

illustrated in Figure 4. The partial trivariate spline for maximum temperature (3DS-M) was 363 

effective throughout the year and demonstrated the largest improvement between January and 364 

October (4.8% to 16.0% reduction in RMSE) when compared against the full trivariate spline 365 

(3DS). Partial spline models for minimum temperature (3DS-T, 3DS-M and 3DS-TM) were 366 

most effective in improving performance during the cooler months between October and 367 

April; however, they also provided a small improvement in May. Minimum temperature 368 

typically performed best during this period when including partial dependence upon both the 369 

standardised MODIS values and the topographic index (3DS-TM; 10.4% to 23.4% reduction 370 
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in RMSE when compared against 3DS). The RMSE of monthly precipitation climate normals 371 

cross validated using the full trivariate spline (3DS) was highest during the wettest months 372 

between May and September (RMSE between 55.8 mm and 120.7 mm).  The ratio of the 373 

RMSE to the mean was relatively stable across this period (29.3% to 37.1%), suggesting that 374 

the high RMSE values are likely due to increased precipitation rather than reduced model 375 

performance.  376 

  377 

Daily MODIS acquisitions show that the fraction of clear sky over Bhutan is lowest during 378 

the day between May and September (Figure 5). The regional mean vapour pressure is also 379 

highest during these months. With the exception of May, partial spline models were 380 

ineffective at improving minimum temperature interpolation performance throughout this 381 

period when compared against the trivariate spline with full dependence upon latitude, 382 

longitude and elevation. The clear sky fraction was on average lower during the night 383 

between October and April. 384 

385 

The distribution of mean annual maximum and minimum temperature residuals, calculated by 386 

subtracting the full trivariate spline (3DS) from each partial trivariate spline variant (3DS-T, 387 

3DS-M and 3DS-TM), are presented in Figure 6. Mean annual maximum temperature 388 

residuals (3DS-M) range from -4.2 °C to 4.8 °C and are cooler than the full trivariate spline 389 

across 81.2 % of the region. Mean annual minimum temperature residuals (Figure 6) 390 

demonstrate congruence between the partial trivariate spline models and are warmer across 391 

68.2 % of cells for 3DS-T (-2.2 °C to 1.9 °C), 71.9% of cells for 3DS-M (-2.3 °C and 3.0 °C), 392 

and 73.1% of cells for 3DS-TM (-2.1 °C and 2.6 °C). 393 

394 
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Minimum temperature residuals in November (Figure 7) show a similar spatial distribution 395 

for all models, with a warming of slopes and cooling of areas with low relative elevation. 396 

Minimum temperature interpolation using standardised MODIS LST values show a much 397 

broader range of values in comparison to variants using only topographic metrics. Residuals 398 

were up to 1.8 °C cooler and 1.3 °C warmer for 3DS-TM in comparison to the maximum 399 

range predicted by 3DS-T.  400 

401 

The spatial distribution of mean annual temperature and annual precipitation interpolated 402 

using the local weather station network (maximum temperature 3DS; minimum temperature 403 

3DS-T; precipitation 3DS) show large deviations from the WorldClim and CRU CL 2.0 404 

datasets (Figure 8). The regional mean annual temperature for locally calibrated 405 

interpolations was 0.75 °C warmer than the WorldClim dataset, and 1.81 °C warmer than the 406 

CRU dataset. This result was most pronounced across the western regions of Bhutan in the 407 

WorldClim dataset. For mean annual temperature, the residuals between the new surfaces and 408 

the WorldClim values varied by as much as 5.9 °C and the residuals between the new 409 

surfaces and the CRU values varied by up to 12.9 °C. The 3DS model predicts the greatest 410 

amount of precipitation across the southern foothills of Bhutan; however, unlike the 411 

WorldClim and CRU datasets, these high rainfall regions do not extend into the central 412 

valleys. Precipitation residuals show deviations of up to 3,364 mm in the WorldClim dataset, 413 

and up to 2,845 mm in the CRU dataset when compared against locally calibrated 414 

interpolation. Precipitation typically decreases with elevation across Bhutan in the 415 

WorldClim and CRU datasets. The 3DS model exhibits an increase in precipitation with 416 

elevation across the central valleys and a decrease in overall precipitation towards the far 417 

north of Bhutan.  418 

419 

This article is protected by copyright. All rights reserved.

were up to 1.8

range predicted by 3DS-

The spatial distribution of mean annual temperature and annual precipitation interpolated 

using the local weather station network

-T; precipitation 3DS)

datasets (Figure 8). 

interpolations was 0.75

CRU dataset. Th

WorldClim dataset

WorldClim

surfaces and the 

amount of precipitation across the southern foothills of Bhutan; however, unlike the 

WorldClim and CRU datasets, these high rainfall regions do not extend into the central 

leys. Precipitation residuals show deviations of up to 3,3

and up to 2,845

interpolation. Precipitation typically decreases with elevation across Bhutan in the 

rldClim and CRU datasets. The 3DS model 



Discussion420 

The results of this study demonstrate the advantages of incorporating MODIS LST data and 421 

local topographic indices as additional partial dependencies when interpolating temperature 422 

variables across topographically complex landscapes, such as those in Bhutan. Stewart and 423 

Nitschke (2016) found similar outcomes for the effectiveness of these variables in southeast 424 

Australia, despite large differences in topographic and climatic conditions. They found that 425 

MODIS LST values improved maximum temperature interpolation performance the most 426 

during the warm summer months. In Bhutan, the largest improvements in maximum 427 

temperature interpolation performance were also achieved during the warmest months when 428 

using standardised MODIS LST values as an independent covariate. This performance 429 

improvement was maintained throughout the summer monsoon, despite heavy day time cloud 430 

cover which reduced the amount of data available to construct standardised surfaces.  The 431 

MOD11A2 product is sensitive to land cover classification, and therefore the seasonal 432 

performance differences may be due to the indirect detection of spatially aggregated 433 

microclimatic conditions responding to higher temperatures, particularly during the summer 434 

months.  435 

436 

Both the MODIS LST values and local topographic metrics were effective at improving 437 

minimum temperature interpolation performance during the dry months between October and 438 

May; however, neither provided a performance improvement between June and September. 439 

This congruence suggests that MODIS LST data may be particularly effective at detecting 440 

temperature inversion signals in the long term climate record, and also indicates that the 441 

effectiveness of these variables may be considerably reduced during cloudy, wet and humid 442 

conditions that are characteristic of the summer monsoon in Bhutan. The extensive cloud 443 

cover observed during these months did not have a negative impact on maximum temperature 444 

This article is protected by copyright. All rights reserved.

Nitschke (2016

Australia, despite large differences in topographic and climatic conditions. 

MODIS LST values improved maximum temperature interpolation performance the most 

during the warm summer months. In Bhutan, t

temperature interpolation performance were

using standardised MODIS LST values as an independent covariate.

improvement was maintained throughout the summer monsoon, despite heavy day time cloud 

cover which reduced the amount of data available to construct standardised surfaces.  

MOD11A2 product is sensitive to land cover classification, an

performance differences

microclimatic conditions respond

months.  

Both the MODIS LST values and local topographic metrics were effective at improving 

minimum temperature interpolation performance during the dry months between October and 

May; however, neither provided a performance improvement between 
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performance when using MODIS LST values, and therefore the lack of performance 445 

improvement for minimum temperatures was likely due to the absence of a detectable 446 

inversion effect in the long term record, rather than as a result of poor data quality. The 447 

release of latent heat and suppression of outgoing longwave radiation associated with 448 

extensive cloud cover, heavy precipitation and high vapour pressure are likely to overcome 449 

the influence of temperature inversions and local topography during the wet months of the 450 

summer monsoon. These conditions are likely to suppress temperature inversion regimes due 451 

to their influence upon the surface energy balance (Iijima & Shinoda 2000; Whiteman et al. 452 

2007; Barry 2008; Zardi & Whiteman 2013). The nocturnal release of latent heat has also 453 

been associated with the persistence of up-slope and up-valley winds in the eastern 454 

Himalayas (Ohata et al. 1981; Barry 2008), which may further suppress thermal stratification 455 

of air near the surface and the development of cold air flows and pools. Both variables were, 456 

however, effective at improving minimum temperature interpolation performance between 457 

October and May. When included separately as partial dependencies, each variable led to a 458 

warming of slopes and a cooling of valley bottoms when compared against the trivariate 459 

spline with full dependence upon latitude, longitude and elevation. This result is consistent 460 

with the current understanding of nocturnal temperature distributions in mountainous terrain 461 

(Geiger 1965; Whiteman 2000; Barry 2008).  462 

463 

Horizontal scaling of the topographic index resulted in an optimal search diameter of 464 

approximately 8.8 km, which is 5 times greater than the optimal diameter identified for 465 

southeast Australia (Stewart & Nitschke 2016).  Furthermore, using both MODIS LST data 466 

and the topographic index provided an additive improvement in minimum temperature 467 

performance in southeast Australia that was not found for Bhutan. This is potentially due to 468 

the scale of topographic variation in Bhutan (southeast Australia is comparatively much 469 
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flatter with small peak-to-peak distances in the alpine regions) and the ability of the MODIS 470 

LST data to detect temperature inversions at appropriate scales. These results suggest that a 471 

spatially varying dependence upon the topographic index, calculated with short search 472 

diameters, in conjunction with MODIS LST data may allow for spatial interpolation of 473 

current minimum temperatures at much greater spatial extents. This may prove useful for 474 

spatial predictions of current climate; however, thermal remote sensing data is sensitive to 475 

land cover and therefore should not be used for projecting climate change scenarios.   476 

477 

When utilising the local weather station network in Bhutan, new precipitation surfaces were 478 

able to characterise the heavy rainfall experienced in the southern foothills while retaining the 479 

effect of orography on precipitation throughout the central valleys and ranges. Precipitation is 480 

suppressed across the interior of these valleys and ranges by strong up-valley and up-slope 481 

winds (Whiteman 2000), which can lead to an underestimation of rainfall throughout the 482 

central regions of Bhutan (Norbu et al. 2003). Historical rainfall data and the distribution of 483 

vegetation suggests that the slopes and ridges throughout these regions are wetter than the 484 

inner valleys (Ohsawa 1987; Norbu et al. 2003), which is reflected in the spatial distribution 485 

of precipitation predicted in this study.  The precipitation surfaces presented should be 486 

interpreted with a degree of caution, as much of the precipitation in the higher elevation 487 

regions of Bhutan falls as snow and elevations above 3,537 m asl are not represented by the 488 

local weather station network. Furthermore, precipitation is highly variable in the southern 489 

foothills of Bhutan and the representativeness of mean conditions is therefore dependent upon 490 

the available data series length.  491 

492 

The importance of spatial resolution and observation density is apparent when comparing the 493 

datasets developed as part of this study against globally consistent climate datasets such as 494 
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WorldClim and CRU CL 2.0. Analyses of the CRU CL 2.0 residuals show that the within-cell 495 

mean annual temperature variability can be as high as 20 °C for coarse resolution products in 496 

Bhutan. While downscaling approaches are an option, they cannot incorporate the effects of 497 

mesoscale processes such as temperature inversions. The temperature bias that is evident in 498 

the WorldClim residuals across western Bhutan, where temperatures are often at least 2.5 °C 499 

cooler than predicted in the present study, indicate the importance of observation density and 500 

placement. It is unlikely that this region has experienced such an increase in mean annual 501 

temperature given that the datasets compared are centred on reference periods that differ by 502 

only 25 years. The analyses of precipitation residuals show extreme deviations between the 503 

present study and both the WorldClim and CRU CL 2.0 datasets. These results support 504 

conclusions by Hijmans (et al. 2005) that station density is perhaps the most important factor 505 

for inferring the quality of interpolated climate datasets. Station observations that qualify for 506 

inclusion in global databases may be limited in many cases due to data and weather station 507 

availability, insufficient length of records, or lack of quality control processes. When globally 508 

representative surfaces such as WorldClim are used for regional studies, an evaluation of 509 

point density and topographic variability is recommended to evaluate whether or not these 510 

surfaces are likely to capture climatological processes at appropriate scales.  Acquisition and 511 

interpolation of regional weather station data may be justified, and in some cases required, 512 

where the point density is too low.  513 

514 

The temperature and vapour pressure surfaces generated as part of this study allow for the 515 

spatial estimation of vapour pressure deficit and relative humidity. These variables can be 516 

critical for modelling vegetation distributions, as they characterise the atmospheric demand 517 

for moisture. While outside the scope of the present study, vapour pressure surfaces may also 518 

be used for atmospheric attenuation when modelling potential incoming solar radiation (e.g. 519 
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Böhner & Antoni�  2009; Conrad et al. 2015). Vapour pressure precludes the need for 520 

estimates of lumped atmospheric transmittance, and allows for the effects of elevation to be 521 

incorporated into solar radiation predictions.  Solar radiation modelling in Bhutan is, 522 

however, likely to be complicated by heavy cloud cover, particularly during the summer 523 

monsoon.  Observations of sunlight hours are available at a small number of stations within 524 

the local weather station network in Bhutan, which may facilitate the production of high 525 

quality solar radiation surfaces in the future.  526 

527 

Conclusion 528 

The datasets presented in this paper provide a new resource for ecological and agricultural 529 

research in Bhutan. Alternative versions of temperature variables were generated to provide 530 

the highest quality surfaces (MODIS LST variants) and to maximise compatibility with 531 

climate change projections (topographic index). These temperature datasets are calibrated 532 

specifically for Bhutan using the local weather station network, are sensitive to the climatic 533 

conditions present during the summer monsoon, and incorporate inversion signals that cannot 534 

be detected using existing methodologies for statistical downscaling. Both the topographic 535 

index and the standardised night time MODIS LST values show evidence that they can detect 536 

the effects of temperature inversions on minimum temperature climate normals. These 537 

particular covariates are rarely used to improve temperature interpolation, and therefore their 538 

application is novel for the region. Precipitation surfaces characterise the heavy precipitation 539 

observed in the southern foothills, while retaining the effects of orography throughout the 540 

central regions of Bhutan. These effects are absent from global climate surfaces as they do 541 

not include weather station observations from within Bhutan. Incorporating the effect of 542 

orography on precipitation using trivariate spline interpolation provides a large improvement 543 

over polynomial regression techniques that have previously been applied in Bhutan.  Globally 544 

This article is protected by copyright. All rights reserved.

monsoon.  Observations of sunlight hours are available at a small number of stations within 

local weather station

quality solar radiation surfaces in the future.  

Conclusion

The datasets presented in this paper provide a new resource for ecological and agricultural 

research in Bhutan. 

the highest quality surfaces (MODIS 

climate change projections (topographic index). These temperature datasets are calibrated 

specifically for Bhutan using the local weather station network, are sensitive to the climatic 

conditions present during the summer monsoon, and incorporate inversion signals that cannot 

be detected using

index and the standardised night time MODIS LST values show evidence that they can detect 

the effects of temperature inversions on minimum temperature climate normals. These 

particular covariates are rarely used to improve temperature interpolation, and therefore their 

application is novel for the region. Precipitation surfaces characterise the heav

observed in the southern foothills, while retaining the effects of orography throughout the 



representative humidity data is very coarse in resolution. The inclusion of vapour pressure 545 

surfaces allows for the calculation of humidity metrics and vapour pressure deficit, which 546 

will further facilitate ecological modelling and assist in decision making for climate change 547 

adaptation throughout Bhutan.  548 
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Abstract 25 

Spatial climate datasets currently available for Bhutan are limited by weather station data 26 

availability, spatial resolution, or interpolation methodology. This paper presents new 27 

datasets for monthly maximum temperature, minimum temperature, precipitation and vapour 28 

pressure climate normals interpolated for the 1986-2015 reference period using trivariate 29 

smoothing splines. The inclusion of standardised day time Moderate Resolution Imaging 30 

Spectroradiometer (MODIS) land surface temperature (LST) values as partial spline 31 

dependencies reduced cross validated RMSE for maximum temperature by up to 16.0% and 32 

was most effective between March and September. Using both a topographic index of relative 33 

elevation and standardised night time MODIS LST values as partial spline dependencies 34 

reduced monthly mean minimum temperature RMSE by up to 23.4%. Neither variable was 35 

effective for minimum temperature interpolation between June and September. High 36 

humidity, extensive cloud cover and heavy precipitation occur during these months, which 37 

are likely to suppress the formation of temperature inversions that typically form under clear, 38 

calm conditions. These new temperature and precipitation surfaces show distinct differences 39 

from the WorldClim and CRU CL 2.0 datasets, which do not use weather stations within 40 

Bhutan for calibration. New precipitation surfaces better describe the heavy rainfall 41 

experienced in the southern foothills while retaining the effect of orography throughout the 42 

central valleys and ranges. The development of vapour pressure surfaces also allow for the 43 

calculation of ecologically important variables such as vapour pressure deficit, and may also 44 

be useful for solar radiation modelling in the region. The different datasets presented in this 45 

paper will facilitate ecological and agricultural research in Bhutan and provide high quality 46 

surfaces needed for future climate change scenarios.  47 

48 
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Keywords: Bhutan, Himalayas, monsoon, climate, splines, interpolation, MODIS, 49 

temperature inversion 50 

Introduction 51 

The Himalayas comprise some of the most complex and extreme topography in the world, 52 

forming a natural barrier between the Tibetan plateau and the low-lying plains of the Indian 53 

subcontinent. The mountain range spans a distance of approximately 2,400 km from west to 54 

east, reaching peaks of over 8,500 m above sea level (asl) and crossing through Bhutan, 55 

India, Nepal, China and Pakistan. Uplift of the Himalayas and the Tibetan plateau over the 56 

past 50 million years has had large impacts upon the evolution of the Asian monsoon and 57 

intensified aridity in central Asia (Zhinsheng et al. 2001). Historically, the region has been of 58 

great interest to climatologists (Hill 1881; Flohn 1970; Barry 2008); however, few studies 59 

have focused specifically on the climatology of Bhutan.  60 

61 

Bhutan has an extremely diverse climate given its small size, which is due to the highly 62 

variable and complex topographic features that comprise the landscape. The climate is 63 

expected to change considerably over the coming decades (Singh et al. 2011) with mean 64 

annual temperature projected to increase by up to 3.5 °C and mean annual regional 65 

precipitation projected to increase between 80 mm and 180 mm by the 2050s (Tse-ring et al. 66 

2010). High resolution climate datasets can facilitate ecological and agricultural research and 67 

land management decisions, as the spatial distribution and productivity of vegetation is 68 

heavily dependent upon climatic conditions (Austin & Van Niel 2011; Elith & Franklin 69 

2013). Currently there is a paucity of spatial climate datasets calibrated using ground-based 70 

station observations for Bhutan which limits the ability to conduct robust assessments of 71 

climate and climate change on forests and agricultural ecosystems.  72 
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73 

The latitudinal position in addition to the topographic extremes and complexity of the 74 

Himalayan region means that the climate has some unusual features. Temperature lapse rates 75 

show distinct trends that are associated with the seasonal reversal of the north Indian 76 

monsoon (Kattel et al. 2013; 2015; Dorji et al. 2016) and tend to be suppressed during the 77 

humid, cloudy, and wet summer months. Increased levels of atmospheric moisture and the 78 

forced ascent of air against the Himalayas result in cloud formation, precipitation and an 79 

associated release of latent heat (Ohata et al. 1981; Whiteman 2000; Barry 2008; 80 

Krishnamurti et al. 2013), particularly at higher elevations (Kattel et al. 2013). The cloudy 81 

conditions also cause more solar radiation to be reflected during the day, leading to cooler 82 

temperatures at lower elevations (Kattel et al. 2013). Kattel (et al. 2013) found residual errors 83 

were much larger for minimum temperatures than for maximum temperatures in Nepal and 84 

attribute this result to nocturnal temperature inversions. Temperature inversions typically 85 

develop under clear, calm conditions. At night time, thermal stratification of air in the lower 86 

troposphere (as a result of radiative cooling, subsidence, or convection of warm air over 87 

regions of cooler air) can cause a decoupling of the slope and valley atmospheres in 88 

mountainous terrain (Geiger 1965; Whiteman 2000; Barry 2008; Daly et al. 2009). As a 89 

consequence, cold air pools develop in basins and valley bottoms, and slopes become warmer 90 

due to convective processes. While this phenomenon is typically more pronounced in regions 91 

of complex topography, it may also manifest in comparatively flat terrain (Barry 2008; Kattel 92 

et al. 2013). Much weaker inversions are observed under windy conditions, or where cloud 93 

cover and water vapour decrease net longwave radiation losses (Iijima & Shinoda 2000; 94 

Whiteman et al. 2007; Zardi & Whiteman 2013). The spatial distribution of minimum 95 

temperature is therefore heavily dependent upon local terrain, and several studies have 96 

demonstrated that focal topographic metrics (Daly et al. 2007; Ashcroft & Gollan 2012) and 97 
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thermal remote sensing data (Stewart & Nitschke 2016) can be effective for improving 98 

minimum temperature interpolation performance. 99 

100 

Globally consistent climatologies such as WorldClim (Hijmans et al. 2005) and those 101 

developed by the Climatic Research Unit (CRU), University of East Anglia (New et al. 1999; 102 

New et al. 2002; Harris et al. 2014) can be used to extract climate data for most regions; 103 

however, they are somewhat limited for fine-scale ecological studies due to low spatial 104 

resolution and the variable density of suitable weather station data. The CRU suite of 105 

products are available at a spatial resolution of 18 km or 50 km, and are therefore limited in 106 

their ability to resolve the effects of fine scale topographic complexity on climate. 107 

Downscaling approaches (e.g. Wang et al. 2012) can be used to increase the spatial resolution 108 

of climate data; however, they typically rely on elevation dependencies and do not currently 109 

allow the incorporation of additional explanatory variables that can improve the quality of 110 

fine scale interpolations (Stewart & Nitschke 2016). WorldClim was developed at a much 111 

higher spatial resolution of approximately 1 km but does not provide data on variables such 112 

as humidity, sunshine duration and wind speed that are important ecologically. One of the 113 

key challenges in developing these globally representative surfaces is the availability of 114 

suitable station observations that are of sufficient density to capture regional scale 115 

climatological processes. Many regions of the world are underrepresented within these 116 

databases (CRU 2016; NOAA 2016; Hijmans et al. 2010), which can result in poor 117 

interpolation performance (Hijmans et al. 2005). The networks of weather stations typically 118 

used for these analyses do not include locations within Bhutan (CRU 2016; NOAA 2016; 119 

Hijmans et al. 2010). For example, the stations used for the WorldClim dataset (Figure 1; 120 

Hijmans et al. 2010) are sparse given the topographic complexity in this region, and many of 121 

the weather stations are no longer operational, particularly in India near the southern border 122 
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of Bhutan. 123 

124 

Until recently, the network of weather stations operating within Bhutan had not been used to 125 

develop spatially representative climate datasets for the region. Dorji (et al. 2016) used linear 126 

and polynomial regressions to describe the distribution of seasonal temperature and 127 

precipitation across Bhutan. The equations developed by Dorji (et al. 2016) are broadly 128 

representative of the region; however, they retain residual error when generating prediction 129 

surfaces and do not account for a spatially varying dependence upon elevation. Furthermore, 130 

extrapolating precipitation into the northern regions of Bhutan using polynomial regression 131 

and excluding the effects of orography are likely to lead to oversimplified predictions of 132 

rainfall.  133 

134 

The WorldClim and CRU CL 2.0 (New et al. 2002) datasets have been generated using 135 

trivariate thin plate smoothing splines (Wahba 1990) which are robust for climate 136 

interpolation (Hutchinson 1995; Hutchinson et al. 2009). Thin plate splines allow for a 137 

spatially varying dependence on elevation and minimise residual error at calibration 138 

locations; both of which are significant advantages over alternative methods such as linear 139 

regression. The thin plate spline algorithm is comprised of an affine component which is used 140 

to fit the global trend (as a function of spline variables) and a local non-affine component that 141 

adjusts the local non-linear surface. Trivariate splines are most commonly fit with full spline 142 

dependence upon latitude, longitude and elevation. Additional independent covariates can be 143 

incorporated by extension to a partial spline model, which includes a parametric regression 144 

component (Bates et al 1987).  145 

146 
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The objective of this study was to develop improved temperature, precipitation and vapour 147 

pressure datasets for Bhutan that address limitations of existing climate surfaces available for 148 

the region. This was done by using the local weather station network in conjunction with 149 

spline-based interpolation methods. The relative performance improvements that can be 150 

achieved by including thermal remote sensing data and local topographic metrics as partial 151 

spline dependencies when interpolating temperature variables were also assessed. These 152 

variables have recently demonstrated an improvement in temperature interpolation 153 

performance in topographically complex landscapes in southeast Australia (Stewart & 154 

Nitschke 2016). The climate surfaces developed in this study were compared against the 155 

globally representative WorldClim (Hijmans et al. 2005) and CRU CL 2.0 (New et al. 2002) 156 

datasets in order to highlight the importance of spatial resolution and observation density 157 

when developing interpolated climate surfaces.   158 

159 

Method 160 

Study Site 161 

Bhutan is a land-locked country located on the southern slopes of the eastern Himalayas, 162 

sharing borders with China to the north and India to the east, west and south. The largely 163 

mountainous country is 38,394 km2 in area and ranges from approximately 100 m asl in the 164 

south to 7,500 m asl in the far north (Figure 2). The extreme range in elevation leads to 165 

highly variable climatic conditions within a distance spanning only 170 km in latitude (Norbu 166 

et al. 2003). Like many regions of Asia the climate of Bhutan is monsoonal. South-westerly 167 

winds bring moist air from the Bay of Bengal to Bhutan during the summer phase of the 168 

north Indian monsoon (Krishnamurti et al. 2013; Tamang 2014). The country has three 169 

distinct climatic zones; alpine, temperate and subtropical (NSB 2015). The climate is humid 170 

and subtropical in the southern plains and foothills (100 – 2,000 m asl), with heavy rainfall 171 
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occurring during the summer monsoon. The inner Himalayan valleys of the central regions 172 

have a temperate climate (2,000 – 4,000 m asl); however, they often receive less rainfall than 173 

the surrounding slopes and ridges as cloud cover and precipitation are suppressed by strong 174 

up-valley and up-slope winds (Barry 2008; Whiteman 2000). The high Himalayas to the 175 

north experience a cold alpine climate (4,000 m asl and above) and a permanent snow line 176 

can be found above 4,800 m asl (Tamang 2014). In winter, the snow line across the eastern 177 

Himalayas can descend to around 3,000 m asl (Mani 1981).   178 

179 

The estimated population of Bhutan is 784,000 (as of 2016), and approximately 56% of 180 

people are employed in the agricultural sector (NSB 2015; UN Data 2016).  Over 70% of the 181 

country is under forest cover (Figure 3; LCMP 2011; NASA LP DAAC 2016). Bhutan hosts 182 

a diverse range of vegetation and forest types (Ohsawa 1987; LCMP 2011; NBSAP 2014), 183 

owing to the complex topography and corresponding climatic variability. The subtropical 184 

climate zone is comprised of broadleaf, chir pine (Pinus roxburghii) and tropical lowland 185 

forest. Fir, mixed conifer, blue pine (Pinus wallichiana) and mixed broadleaf and conifer 186 

forest can be found in the temperate climate zone, and the alpine climate zone consists of 187 

meadows and scrubs.  188 

Datasets189 

Daily maximum temperature, minimum temperature, precipitation and relative humidity 190 

records for 71 weather stations operating between January 1986 and December 2015 were 191 

obtained from the Department of Hydro-Met Services (DHMS), Ministry of Economic 192 

Affairs, Bhutan. Latitude, longitude and elevation at each station were extracted from site 193 

metadata also provided by the DHMS. The network of stations used throughout the analysis 194 

was distributed across elevations ranging from 180 m asl to 3,537 m asl (Figure 1). The 195 

record length at each station was on average 19.6 years long, with a minimum of 6.7 years 196 
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and maximum of 30 years of observations. Daily records were excluded where the maximum 197 

temperature was reported as lower than the minimum temperature (795 daily records), 198 

relative humidity was below 0 % or above 100 % (128 daily records), or the amount of 199 

precipitation was negative (7 daily records).  200 

201 

Estimates of daily vapour pressure, rather than observations of relative humidity, were used 202 

to ensure dependence upon elevation.  Daily vapour pressure was derived from the saturation 203 

vapour pressure of the mean daily temperature and relative humidity (Abtew & Melesse 204 

2013). The mean daily temperature was calculated as the average of the maximum and 205 

minimum temperature. The saturation vapour pressure, 𝑒𝑠 , was calculated using a 206 

reparameterisation (Alduchov & Eskridge 1996) of the August-Roche-Magnus equation 207 

(Lawrence 2005); 208 

𝑒𝑠(𝑇) = 6.1094 × 𝑒𝑥𝑝 
17.625×𝑇
243.04+𝑇    (1) 209 

The daily vapour pressure, 𝑒, was then derived from the saturation vapour pressure at the 210 

mean temperature and relative humidity (𝑅𝐻); 211 

𝑒 = 𝑒𝑠(𝑇𝑚𝑒𝑎𝑛) × 𝑅𝐻    (2) 212 

213 

214 

Provisional climate normals (hereafter referred to as climate normals), representing the mean 215 

monthly conditions between 1986 and 2015, were calculated for maximum temperature, 216

minimum temperature, precipitation and vapour pressure at each station. Monthly values 217 

were computed using daily observations prior to the calculation of mean monthly values. 218 

Monthly precipitation was calculated as the sum of daily precipitation where observations 219 

were available for each day of the month. Monthly mean temperature and vapour pressure 220 
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were calculated as the mean of each daily observation where the following criteria were met; 221 

(1) no more than 10 missing days of data were allowed, and (2) no more than 4 consecutive 222 

days of missing data were allowed (WMO 2011). Calculating climate normals for any 223 

reference period may be biased due to short or incomplete records at different observation 224 

locations. A regression patching approach was tested to correct for any potential bias induced 225 

by short term records by regressing observations against neighbouring stations (Hopkinson et 226 

al. 2012; Stewart & Nitschke 2016); however, this method did not produce reliable results. 227 

Monthly climate normals were therefore calculated for each station where at least 10 years of 228 

observations were available for each month (Hijmans et al. 2005) to ensure interpolation was 229 

supported by a sufficient number of data points in different locations and at the highest 230 

elevations.  231 

232 

Potential biases in short term means were investigated using interpolation variance and by 233 

analysing ranked residuals throughout the cross validation procedure for each variable. 234 

Stations were identified as suspect where the calculated mean value was more than 3.6 235 

standard deviations from the cross validated prediction. This approach identified one suspect 236 

station which was subsequently removed from all analysis due to close proximity with 237 

neighbouring stations and short record length (10 years for each month). The removal of 238 

additional short term records selected based on ranked residuals consistently led to decreased 239 

performance at neighbouring stations (including those with more than 20 years of data) and 240 

therefore they were retained throughout the analysis. Excluding the suspect station and those 241 

with less than 10 years of data resulted in a satisfactory spatial and temporal coverage, with 242 

the number of stations available for analysis reduced by between 6 and 11 % for any variable 243 

or month. 244 

245 
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The digital elevation model (DEM) used throughout the analysis was obtained from the 246 

CGIAR Consortium for Spatial Information (http://srtm.csi.cgiar.org). This was resampled to 247 

7.5 arc seconds (approx. 225 m cell resolution at the equator) using the sink-filled 3 arc 248 

second (approx. 90 m cell resolution) Shuttle Radar Topography Mission (SRTM) dataset 249 

(Jarvis et al. 2008). One of the issues with interpolating precipitation across a fine resolution 250 

DEM is that the predictions are heavily influenced by local topography, leading to 251 

unrealistically large differences at very small spatial scales. As precipitation is not strongly 252 

correlated with elevation at distances up to 5 km to 10 km (Hutchinson 1998; Sharples et al. 253 

2005), the original DEM was smoothed using a Gaussian filter for calibrating and predicting 254 

precipitation (Barnes 1964; Daly et al. 2007). The use of a focal filter to smooth elevation 255 

allows for precipitation surfaces to be generated at high resolution without extreme short 256 

range variability. The degree of smoothing is determined by the filter extent and standard 257 

deviation of the Gaussian distribution. The smoothing filter was applied with a circular search 258 

diameter of 35 cells (approx. 7.8 km) and a standard deviation of 10 cells using the System 259 

for Automated Geoscientific Analysis (SAGA) software package (Conrad et al. 2015). The 260 

required level of smoothing was determined by iteratively adjusting the standard deviation of 261 

the filter (5 to 25) and cross validating precipitation climate normals (Appendix S1). 262 

Performance was optimal at a standard deviation of 10 cells, although the differences 263 

between each level of smoothing varied by less than 1.5% in RMSE. Geographic coordinates 264 

were expressed in decimal degrees and elevation expressed in kilometres during all analyses 265 

(Hutchinson 1995; Hutchinson 1998; Hutchinson 2009) to minimise error during cross 266 

validation and surface generation. 267 

268 

The effects of topographic position on minimum temperature were assessed using a 269 

topographic index of relative elevation, which has been shown to improve model 270 
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performance by representing the effect of overnight temperature inversions and cold air 271 

pooling processes (Daly et al. 2007; Ashcroft & Gollan 2012; Stewart & Nitschke 2016). 272 

This index was calculated as the square root of the difference between the elevation at each 273 

target cell and focal minimum within an 8.76 km circular search diameter. The optimal focal 274 

range for the topographic index was systematically assessed by iteratively adjusting the 275 

search diameter (1.1 km to 90.2 km) and cross validating minimum temperature (Appendix 276 

S2).  277 

278 

Thermal remote sensing data from collection 6 of the Moderate Resolution Imaging 279 

Spectroradiometer (MODIS) MOD11A2 (Wan et al. 2015) Land Surface Temperature (LST) 280 

product (approx. 1 km cell resolution) was used as an independent covariate for temperature 281 

interpolation. The MOD11A2 MODIS product can be effective in improving temperature 282 

interpolation (Hengl et al. 2012; Stewart & Nitschke 2016) as it provides an indirect estimate 283 

of land surface temperature and is sensitive to land cover classification (Snyder et al. 1998; 284 

Wan 2006). All 8-day composite scenes available between February 2000 and December 285 

2015 were downloaded using the MODIS package (Mattiuzzi 2016) in R (R Core Team 286 

2016). Scenes were rejected where visual inspection indicated clear spatial artefacts, or the 287 

number of cells with invalid LSTs was greater than 50% across Bhutan. This threshold was 288 

set to ensure enough scenes were retained during the summer monsoon, when there is a very 289 

high level of cloud cover. Each image was then transformed into z-scores, grouped by month 290 

and averaged for each cell location. Outliers falling outside of the 95% confidence interval 291 

were excluded when calculating the final mean value at each cell location (Stewart & 292 

Nitschke 2016).  Standardised monthly MODIS surfaces were calculated separately for day 293 

scenes and night scenes to be used as predictors for interpolation of maximum temperature 294 

and minimum temperature, respectively. Due to the extremely cloudy conditions and spatial 295 
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artefacts noted for several months during visual inspection of the LSTs, clear sky masks from 296 

the MOD11A2 product were also used to support the analysis. Daily clear sky images were 297 

extracted by converting 8-bit integers in the 8-day composite clear sky data to binary vectors. 298 

The mean fraction of clear sky during the day and night was then calculated for each pixel, 299 

and as a regional average, for each month. 300 

301 

Data Analysis  302 

Monthly maximum temperature, minimum temperature, precipitation and vapour pressure 303 

climate normals for the 1986-2015 reference period were interpolated using trivariate splines 304 

(Wahba 1990; Hutchinson 1995) in ANUSPLIN 4.4 (Hutchinson & Xu 2011). The spline 305 

smoothing parameter was estimated using generalised cross validation (GCV; Craven & 306 

Wahba 1979). For each variable, full spline dependence upon latitude, longitude and 307 

elevation was assessed. Additional partial dependencies (Bates et al. 1987) were also assessed 308 

for both maximum temperature (standardised MODIS day time LST) and minimum 309 

temperature (standardised MODIS night time LST, topographic index). The square root of 310 

vapour pressure (McKenney et al. 2004) and precipitation (Hutchinson 1995; Hutchinson 311 

1998; Hutchinson 2009) climate normals were used for interpolation and the final predictions 312 

were subsequently converted back to units of hectopascals (hPa) and millimetres. 313 

ANUSPLIN internally corrects for the small amount of bias that arises as a result of these 314 

transformations (Hutchinson & Xu 2011). As site elevations extracted from the smoothed 315 

precipitation DEM are a function of the surrounding landscape they may differ from values 316 

present in the site metadata (RMSE = 323 m). Precipitation was therefore cross validated 317 

using both the actual and smoothed elevation values to ensure the smoothed interpolation 318 

would produce reliable results. 319 

320 
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Cross validation was performed by iteratively leaving out one observation and refitting the 321 

model until independent predictions were made for all locations. The coefficient of 322 

determination (r2), mean absolute error (MAE), root mean square error (RMSE), ratio of the 323 

RMSE to the standard deviation of the observations (RSR; Moriasi et al. 2007) and mean 324 

error (BIAS) were used to assess model performance. Following cross validation, monthly 325 

climate normal surfaces were generated using all available stations for each model. 326 

327 

Residual analyses were performed to investigate the differences in model predictions when 328 

using alternative variables for interpolation, and also to compare the surfaces generated in 329 

this study against globally representative climate datasets. In order to detect differences in the 330 

spatial distribution of model predictions for temperature, residual values were calculated for 331 

each partial trivariate spline model by subtracting the trivariate spline with full dependence 332 

upon latitude, longitude and elevation. Empirical cumulative distribution plots were used to 333 

investigate the spread of mean annual maximum and minimum temperature residuals. 334 

November was selected to illustrate the spatial distribution of minimum temperature 335 

residuals.  336 

337 

Mean annual temperature and annual precipitation were extracted from the WorldClim 338 

(Hijmans et al. 2005) and the CRU CL 2.0 (New et al. 2002) datasets and compared against 339 

the new surfaces generated using the local weather station network. Residuals were 340 

calculated by subtracting the WorldClim and CRU surfaces from the gridded datasets 341 

generated in this study. Thermal remote sensing data is sensitive to land use type (Snyder et 342 

al. 1998; Wan 2006) and therefore partial spline models for temperature using standardised 343 

MODIS LST values were not assessed against the WorldClim or CRU datasets to ensure an 344 

appropriate comparison. 345 
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each partial trivariate spline model

upon latitude, longitude and elevation

investigate the spread of mean annual maximum and minimum temperature residuals. 

November was

residuals.  

Mean annual temperature and annual precipitation were extracted from the WorldClim 

(Hijmans et al. 2005) and the CRU CL 2.0 (New et al. 2002) datasets and compared against 

the new surfaces generated using the local weather station network. Residuals were 

alculated by subtracting the WorldClim and CRU surfaces from 



346 

Results 347 

Cross validated statistics for maximum temperature, minimum temperature, vapour pressure 348 

and precipitation climate normals are summarised in Table 1. All partial spline models for 349 

temperature variables provided a performance improvement over the full trivariate spline. 350 

Pooled statistics for maximum temperature demonstrate a 7.9 % improvement in RMSE over 351 

the full trivariate spline when using standardised day time MODIS LST values as an 352 

independent covariate. Pooled statistics for minimum temperature demonstrate an 353 

improvement of between 10.4 % and 12.3 % in RMSE when using standardised night time 354 

MODIS LST values, the topographic index, or their combination, as independent covariates. 355 

The use of smoothed DEM values rather than site elevations provided an 8.8% reduction in 356 

RMSE for precipitation. All variables achieved an RSR of 0.3 or less, indicating good model 357 

performance. Mean error (BIAS) was negligible for temperature and vapour pressure; 358 

however, there was a small negative bias for smoothed precipitation (-5.01 mm) which 359 

equated to -0.03 % as a proportion of the mean observed value.  360 

361 

The cross validated monthly RMSE for all variables and models summarised in Table 1 are 362 

illustrated in Figure 4. The partial trivariate spline for maximum temperature (3DS-M) was 363 

effective throughout the year and demonstrated the largest improvement between January and 364 

October (4.8% to 16.0% reduction in RMSE) when compared against the full trivariate spline 365 

(3DS). Partial spline models for minimum temperature (3DS-T, 3DS-M and 3DS-TM) were 366 

most effective in improving performance during the cooler months between October and 367 

April; however, they also provided a small improvement in May. Minimum temperature 368 

typically performed best during this period when including partial dependence upon both the 369 

standardised MODIS values and the topographic index (3DS-TM; 10.4% to 23.4% reduction 370 
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effective throughout the year and demonstrated the largest improvement between January

October (4.8% to 16.0

(3DS). Partial spline models for minimum temperature



in RMSE when compared against 3DS). The RMSE of monthly precipitation climate normals 371 

cross validated using the full trivariate spline (3DS) was highest during the wettest months 372 

between May and September (RMSE between 55.8 mm and 120.7 mm).  The ratio of the 373 

RMSE to the mean was relatively stable across this period (29.3% to 37.1%), suggesting that 374 

the high RMSE values are likely due to increased precipitation rather than reduced model 375 

performance.  376 

  377 

Daily MODIS acquisitions show that the fraction of clear sky over Bhutan is lowest during 378 

the day between May and September (Figure 5). The regional mean vapour pressure is also 379 

highest during these months. With the exception of May, partial spline models were 380 

ineffective at improving minimum temperature interpolation performance throughout this 381 

period when compared against the trivariate spline with full dependence upon latitude, 382 

longitude and elevation. The clear sky fraction was on average lower during the night 383 

between October and April. 384 

385 

The distribution of mean annual maximum and minimum temperature residuals, calculated by 386 

subtracting the full trivariate spline (3DS) from each partial trivariate spline variant (3DS-T, 387 

3DS-M and 3DS-TM), are presented in Figure 6. Mean annual maximum temperature 388 

residuals (3DS-M) range from -4.2 °C to 4.8 °C and are cooler than the full trivariate spline 389 

across 81.2 % of the region. Mean annual minimum temperature residuals (Figure 6) 390 

demonstrate congruence between the partial trivariate spline models and are warmer across 391 

68.2 % of cells for 3DS-T (-2.2 °C to 1.9 °C), 71.9% of cells for 3DS-M (-2.3 °C and 3.0 °C), 392 

and 73.1% of cells for 3DS-TM (-2.1 °C and 2.6 °C). 393 

394 
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the high RMSE values are likely due to increased precipitation rather than reduced model 

performance.  
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between October and April. 

The distribution of mean annual maximum and minimum temperature residuals, calculated by 

subtracting the full trivariate spline (3DS) from each partial trivariate spline variant (3DS

-M and 3DS

residuals (3DS-

across 81.2 % of the region. Mean annual minimum temperature residuals 

demonstrate congruence between the partial trivariate spline models and are warmer across 



Minimum temperature residuals in November (Figure 7) show a similar spatial distribution 395 

for all models, with a warming of slopes and cooling of areas with low relative elevation. 396 

Minimum temperature interpolation using standardised MODIS LST values show a much 397 

broader range of values in comparison to variants using only topographic metrics. Residuals 398 

were up to 1.8 °C cooler and 1.3 °C warmer for 3DS-TM in comparison to the maximum 399 

range predicted by 3DS-T.  400 

401 

The spatial distribution of mean annual temperature and annual precipitation interpolated 402 

using the local weather station network (maximum temperature 3DS; minimum temperature 403 

3DS-T; precipitation 3DS) show large deviations from the WorldClim and CRU CL 2.0 404 

datasets (Figure 8). The regional mean annual temperature for locally calibrated 405 

interpolations was 0.75 °C warmer than the WorldClim dataset, and 1.81 °C warmer than the 406 

CRU dataset. This result was most pronounced across the western regions of Bhutan in the 407 

WorldClim dataset. For mean annual temperature, the residuals between the new surfaces and 408 

the WorldClim values varied by as much as 5.9 °C and the residuals between the new 409 

surfaces and the CRU values varied by up to 12.9 °C. The 3DS model predicts the greatest 410 

amount of precipitation across the southern foothills of Bhutan; however, unlike the 411 

WorldClim and CRU datasets, these high rainfall regions do not extend into the central 412 

valleys. Precipitation residuals show deviations of up to 3,364 mm in the WorldClim dataset, 413 

and up to 2,845 mm in the CRU dataset when compared against locally calibrated 414 

interpolation. Precipitation typically decreases with elevation across Bhutan in the 415 

WorldClim and CRU datasets. The 3DS model exhibits an increase in precipitation with 416 

elevation across the central valleys and a decrease in overall precipitation towards the far 417 

north of Bhutan.  418 

419 
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Discussion420 

The results of this study demonstrate the advantages of incorporating MODIS LST data and 421 

local topographic indices as additional partial dependencies when interpolating temperature 422 

variables across topographically complex landscapes, such as those in Bhutan. Stewart and 423 

Nitschke (2016) found similar outcomes for the effectiveness of these variables in southeast 424 

Australia, despite large differences in topographic and climatic conditions. They found that 425 

MODIS LST values improved maximum temperature interpolation performance the most 426 

during the warm summer months. In Bhutan, the largest improvements in maximum 427 

temperature interpolation performance were also achieved during the warmest months when 428 

using standardised MODIS LST values as an independent covariate. This performance 429 

improvement was maintained throughout the summer monsoon, despite heavy day time cloud 430 

cover which reduced the amount of data available to construct standardised surfaces.  The 431 

MOD11A2 product is sensitive to land cover classification, and therefore the seasonal 432 

performance differences may be due to the indirect detection of spatially aggregated 433 

microclimatic conditions responding to higher temperatures, particularly during the summer 434 

months.  435 

436 

Both the MODIS LST values and local topographic metrics were effective at improving 437 

minimum temperature interpolation performance during the dry months between October and 438 

May; however, neither provided a performance improvement between June and September. 439 

This congruence suggests that MODIS LST data may be particularly effective at detecting 440 

temperature inversion signals in the long term climate record, and also indicates that the 441 

effectiveness of these variables may be considerably reduced during cloudy, wet and humid 442 

conditions that are characteristic of the summer monsoon in Bhutan. The extensive cloud 443 

cover observed during these months did not have a negative impact on maximum temperature 444 
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Nitschke (2016
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temperature interpolation performance were

using standardised MODIS LST values as an independent covariate.

improvement was maintained throughout the summer monsoon, despite heavy day time cloud 

cover which reduced the amount of data available to construct standardised surfaces.  

MOD11A2 product is sensitive to land cover classification, an

performance differences

microclimatic conditions respond

months.  

Both the MODIS LST values and local topographic metrics were effective at improving 

minimum temperature interpolation performance during the dry months between October and 

May; however, neither provided a performance improvement between 

This congruence suggests that MODIS LST data may be particularly effective at detecting 



performance when using MODIS LST values, and therefore the lack of performance 445 

improvement for minimum temperatures was likely due to the absence of a detectable 446 

inversion effect in the long term record, rather than as a result of poor data quality. The 447 

release of latent heat and suppression of outgoing longwave radiation associated with 448 

extensive cloud cover, heavy precipitation and high vapour pressure are likely to overcome 449 

the influence of temperature inversions and local topography during the wet months of the 450 

summer monsoon. These conditions are likely to suppress temperature inversion regimes due 451 

to their influence upon the surface energy balance (Iijima & Shinoda 2000; Whiteman et al. 452 

2007; Barry 2008; Zardi & Whiteman 2013). The nocturnal release of latent heat has also 453 

been associated with the persistence of up-slope and up-valley winds in the eastern 454 

Himalayas (Ohata et al. 1981; Barry 2008), which may further suppress thermal stratification 455 

of air near the surface and the development of cold air flows and pools. Both variables were, 456 

however, effective at improving minimum temperature interpolation performance between 457 

October and May. When included separately as partial dependencies, each variable led to a 458 

warming of slopes and a cooling of valley bottoms when compared against the trivariate 459 

spline with full dependence upon latitude, longitude and elevation. This result is consistent 460 

with the current understanding of nocturnal temperature distributions in mountainous terrain 461 

(Geiger 1965; Whiteman 2000; Barry 2008).  462 

463 

Horizontal scaling of the topographic index resulted in an optimal search diameter of 464 

approximately 8.8 km, which is 5 times greater than the optimal diameter identified for 465 

southeast Australia (Stewart & Nitschke 2016).  Furthermore, using both MODIS LST data 466 

and the topographic index provided an additive improvement in minimum temperature 467 

performance in southeast Australia that was not found for Bhutan. This is potentially due to 468 

the scale of topographic variation in Bhutan (southeast Australia is comparatively much 469 
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with the current understanding of nocturnal temperature distributions in mountainous terrain 

(Geiger 1965; Whiteman 2000; Barry 2008).  

izontal scaling of the topographic

approximately 

southeast Australia (Stewart & Nitschke 



flatter with small peak-to-peak distances in the alpine regions) and the ability of the MODIS 470 

LST data to detect temperature inversions at appropriate scales. These results suggest that a 471 

spatially varying dependence upon the topographic index, calculated with short search 472 

diameters, in conjunction with MODIS LST data may allow for spatial interpolation of 473 

current minimum temperatures at much greater spatial extents. This may prove useful for 474 

spatial predictions of current climate; however, thermal remote sensing data is sensitive to 475 

land cover and therefore should not be used for projecting climate change scenarios.   476 

477 

When utilising the local weather station network in Bhutan, new precipitation surfaces were 478 

able to characterise the heavy rainfall experienced in the southern foothills while retaining the 479 

effect of orography on precipitation throughout the central valleys and ranges. Precipitation is 480 

suppressed across the interior of these valleys and ranges by strong up-valley and up-slope 481 

winds (Whiteman 2000), which can lead to an underestimation of rainfall throughout the 482 

central regions of Bhutan (Norbu et al. 2003). Historical rainfall data and the distribution of 483 

vegetation suggests that the slopes and ridges throughout these regions are wetter than the 484 

inner valleys (Ohsawa 1987; Norbu et al. 2003), which is reflected in the spatial distribution 485 

of precipitation predicted in this study.  The precipitation surfaces presented should be 486 

interpreted with a degree of caution, as much of the precipitation in the higher elevation 487 

regions of Bhutan falls as snow and elevations above 3,537 m asl are not represented by the 488 

local weather station network. Furthermore, precipitation is highly variable in the southern 489 

foothills of Bhutan and the representativeness of mean conditions is therefore dependent upon 490 

the available data series length.  491 

492 

The importance of spatial resolution and observation density is apparent when comparing the 493 

datasets developed as part of this study against globally consistent climate datasets such as 494 
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WorldClim and CRU CL 2.0. Analyses of the CRU CL 2.0 residuals show that the within-cell 495 

mean annual temperature variability can be as high as 20 °C for coarse resolution products in 496 

Bhutan. While downscaling approaches are an option, they cannot incorporate the effects of 497 

mesoscale processes such as temperature inversions. The temperature bias that is evident in 498 

the WorldClim residuals across western Bhutan, where temperatures are often at least 2.5 °C 499 

cooler than predicted in the present study, indicate the importance of observation density and 500 

placement. It is unlikely that this region has experienced such an increase in mean annual 501 

temperature given that the datasets compared are centred on reference periods that differ by 502 

only 25 years. The analyses of precipitation residuals show extreme deviations between the 503 

present study and both the WorldClim and CRU CL 2.0 datasets. These results support 504 

conclusions by Hijmans (et al. 2005) that station density is perhaps the most important factor 505 

for inferring the quality of interpolated climate datasets. Station observations that qualify for 506 

inclusion in global databases may be limited in many cases due to data and weather station 507 

availability, insufficient length of records, or lack of quality control processes. When globally 508 

representative surfaces such as WorldClim are used for regional studies, an evaluation of 509 

point density and topographic variability is recommended to evaluate whether or not these 510 

surfaces are likely to capture climatological processes at appropriate scales.  Acquisition and 511 

interpolation of regional weather station data may be justified, and in some cases required, 512 

where the point density is too low.  513 

514 

The temperature and vapour pressure surfaces generated as part of this study allow for the 515 

spatial estimation of vapour pressure deficit and relative humidity. These variables can be 516 

critical for modelling vegetation distributions, as they characterise the atmospheric demand 517 

for moisture. While outside the scope of the present study, vapour pressure surfaces may also 518 

be used for atmospheric attenuation when modelling potential incoming solar radiation (e.g. 519 
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Böhner & Antoni�  2009; Conrad et al. 2015). Vapour pressure precludes the need for 520 

estimates of lumped atmospheric transmittance, and allows for the effects of elevation to be 521 

incorporated into solar radiation predictions.  Solar radiation modelling in Bhutan is, 522 

however, likely to be complicated by heavy cloud cover, particularly during the summer 523 

monsoon.  Observations of sunlight hours are available at a small number of stations within 524 

the local weather station network in Bhutan, which may facilitate the production of high 525 

quality solar radiation surfaces in the future.  526 

527 

Conclusion 528 

The datasets presented in this paper provide a new resource for ecological and agricultural 529 

research in Bhutan. Alternative versions of temperature variables were generated to provide 530 

the highest quality surfaces (MODIS LST variants) and to maximise compatibility with 531 

climate change projections (topographic index). These temperature datasets are calibrated 532 

specifically for Bhutan using the local weather station network, are sensitive to the climatic 533 

conditions present during the summer monsoon, and incorporate inversion signals that cannot 534 

be detected using existing methodologies for statistical downscaling. Both the topographic 535 

index and the standardised night time MODIS LST values show evidence that they can detect 536 

the effects of temperature inversions on minimum temperature climate normals. These 537 

particular covariates are rarely used to improve temperature interpolation, and therefore their 538 

application is novel for the region. Precipitation surfaces characterise the heavy precipitation 539 

observed in the southern foothills, while retaining the effects of orography throughout the 540 

central regions of Bhutan. These effects are absent from global climate surfaces as they do 541 

not include weather station observations from within Bhutan. Incorporating the effect of 542 

orography on precipitation using trivariate spline interpolation provides a large improvement 543 

over polynomial regression techniques that have previously been applied in Bhutan.  Globally 544 
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observed in the southern foothills, while retaining the effects of orography throughout the 



representative humidity data is very coarse in resolution. The inclusion of vapour pressure 545 

surfaces allows for the calculation of humidity metrics and vapour pressure deficit, which 546 

will further facilitate ecological modelling and assist in decision making for climate change 547 

adaptation throughout Bhutan.  548 
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