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Supplementary Material 1 

S1. Data and Methods 2 

S1.1 High Asia Refined Analysis (HAR) 3 

In this section we provide additional background on the High Asia Refined Analysis (HAR) 4 

re-initialisation strategy (Maussion et al. 2014). Re-initialisation here refers to the approach 5 

in which multiple model runs covering consecutive time periods are performed, with each run 6 

having its own initialisation of atmospheric and land surface states. A long, continuous series 7 

of model results is thus generated by concatenating multiple runs that cover subsets of the 8 

overall period. This can be contrasted with continuous, long-term integrations based on a 9 

single initialisation of the atmospheric and land surface variables. 10 

From preliminary testing (Maussion et al. 2011), Maussion et al. (2011, 2014) found that re-11 

initialising the model on a daily basis outperformed weekly re-initialisation. They also 12 

concluded that spectral nudging would likely lead to unacceptable levels of drift in land 13 

surface and near-surface variables. This would have been problematic, as they aimed to 14 

simulate near-surface / boundary layer conditions as accurately as possible, in line with their 15 

intention for the HAR to be used to support offline hydrological and cryospheric modelling. 16 

The daily re-initialisation strategy they adopted is outlined in Section 3.1, but basically it 17 

involves performing a separate, independent WRF simulation for each day in the October 18 

2000 to October 2014 period. For any given day, the atmospheric and land surface states 19 

required as initial conditions in the simulation are interpolated to the model grid from the 20 

driving FNL dataset. Atmospheric variables required include quantities like temperature and 21 
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humidity, whereas land surface states needed include variables like snow water equivalent 22 

(SWE) and soil moisture. 23 

The daily re-initialisation strategy substantially reduces the potential for excessive drift from 24 

initial states of both atmospheric and land surface variables derived from the FNL dataset. As 25 

described in Section 3.1, each simulation was for 36 hours, with the first 12 hours (i.e. the 26 

second half of the previous day) regarded as spin-up. This is common to all components of 27 

the WRF model, i.e. atmosphere and land surface. This could be a limitation for slower 28 

responding land surface variables like soil moisture, but details on this are not reported by 29 

Maussion et al. (2014). Moreover, while simulating all the days independently enabled 30 

parallelisation and so computational tractability, it also means that the value added by the 31 

high resolution of the HAR does not feed into improved initial conditions each day (relative 32 

to the coarse FNL dataset). 33 

These issues exemplify the compromises between competing objectives and feasibility in the 34 

HAR design. Despite this, the HAR re-initialisation and spin-up approach has already been 35 

demonstrated to be sufficient for a number of applications (Section 1), and the results in this 36 

study further support its utility and potential as an approach to characterising near-surface 37 

climate in the data-sparse Upper Indus Basin (UIB). Moreover, very similar re-initialisation 38 

and spin-up approaches have been adopted in other recent Himalayan modelling studies (e.g. 39 

Norris et al. 2015; Cannon et al. 2017). Nevertheless, future work could use sensitivity tests 40 

to further explore the implications of this approach and compare it with simulations allowing 41 

for longer spin-up periods, as discussed in Section 5. 42 

 43 
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S1.2 Elevation Corrections 44 

This section expands on the elevation corrections for the monthly mean temperature bias and 45 

incoming longwave radiation evaluations discussed in the main manuscript. The regressions 46 

used in correction are based on monthly climatologies of the 9 HAR grid cells surrounding 47 

each station, such that we get one gradient for each month of the year (i.e. 12 in total) for 48 

each station. Using monthly climatology as the basis for regression provides a balance 49 

between capturing intra-annual variation and ensuring stability in the calculations. 50 

We summarise the results of the regressions of climatological monthly mean temperatures 51 

and elevation in Table S1. The consistently high R
2
 values demonstrate that elevation 52 

explains a very high proportion of variance in climatological monthly mean temperature in 53 

the 9 HAR grid cells surrounding each station. This is the case for all of the stations and 54 

throughout the year (monthly variation is shown as minima and maxima). The P values are all 55 

low and statistically significant at the 95% interval, with almost all significant at the 99% 56 

interval too. This suggests that the calculated gradients are robust for elevation corrections at 57 

this time aggregation. 58 

Station Gradient (°C/km) R
2
 P value 

 Avg Min Max Avg Min Max Avg Min Max 

Askole -6.92 -8.29 -5.71 0.96 0.87 1.00 0.000 0.000 0.000 

Astore -5.80 -6.92 -4.38 0.89 0.65 0.99 0.002 0.000 0.009 

Concordia -7.21 -8.69 -6.39 0.99 0.97 1.00 0.000 0.000 0.000 

Gilgit -6.58 -7.89 -5.67 0.99 0.95 1.00 0.000 0.000 0.000 

Khunjerab -6.75 -8.15 -5.64 0.85 0.70 1.00 0.001 0.000 0.005 
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Naltar -6.88 -8.73 -6.09 0.98 0.93 1.00 0.000 0.000 0.000 

Rama -5.71 -7.19 -4.38 0.89 0.65 0.99 0.002 0.000 0.009 

Rattu -5.46 -6.92 -4.38 0.86 0.65 0.99 0.002 0.000 0.009 

Skardu -5.49 -7.37 -3.51 0.89 0.50 1.00 0.002 0.000 0.033 

Urdukas -6.78 -8.10 -5.62 0.98 0.95 1.00 0.000 0.000 0.000 

Ushkore -6.43 -8.09 -5.43 0.91 0.67 1.00 0.001 0.000 0.007 

Yasin -6.83 -8.75 -5.48 0.97 0.95 0.99 0.000 0.000 0.000 

Ziarat -7.16 -8.24 -5.84 0.92 0.78 0.99 0.000 0.000 0.002 

Mean -6.46 -7.95 -5.27 0.93 0.79 1.00 0.00 0.00 0.01 

 59 

Table S1 – Regression summary for climatological monthly mean temperatures and elevation. The 60 

average (avg), minimum (min) and maximum (max) aggregations summarise intra-annual (monthly) 61 

variation. 62 

These gradients are only used in the evaluation of bias in the monthly mean temperature 63 

climatology in Section 4 (Figure 6a) in the main manuscript. To test the sensitivity of the bias 64 

calculations to our approach, we also calculated an elevation-adjusted climatology based on a 65 

constant lapse rate of -6.5°C/km. As shown in Figure S1, this reduces the variation in bias 66 

compared with the monthly climatological lapse rate approach, but it does not ameliorate the 67 

cold bias or alter the seasonality of the bias. Therefore, we consider the bias pattern to be 68 

robust. If no elevation adjustment is made at all, the annual cycle of bias again remains 69 

similar but the overall magnitude of the bias increases, i.e. it becomes colder. For example, 70 

while the HAR10 mean annual bias with an elevation correction using a constant -6.5°C/km 71 

is -3.9°C, this worsens to -8.5°C if elevation is not accounted for at all. 72 
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 73 

Figure S1 – Comparison of monthly mean temperature biases at station locations using (a) monthly 74 

varying (climatological) lapse rate correction and (b) constant (-6.5°C/km) lapse rate correction. 75 

In terms of longwave radiation, a relatively small performance gain is achieved with 76 

elevation correction using monthly climatological lapse rates. For example, mean annual bias 77 

in HAR10 decreases from 67 W/m
2
 to 56 W/m

2
, while HAR30 mean annual bias reduces 78 

from 50 W/m
2
 to 41 W/m

2
. Most of the improvement is evident in winter, spring and autumn, 79 

whereas in summer the strength of association with elevation decreases and so the 80 

performance gain is lesser, as shown in Figure S2. This suggests that our conclusions in 81 

Section 4 on underestimation of incoming longwave radiation at this location, particularly in 82 

summer, hold both with and without the application of an elevation correction. 83 
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 84 

Figure S2 – Comparison of incoming longwave radiation time series at Concordia AWS with (a) and 85 

without (a) elevation correction based on monthly climatological lapse rates. 86 

S1.3 Water Balance Calculations 87 

This section provides some further discussion of why we compare mean annual effective 88 

precipitation to observed runoff, rather than HAR-simulated runoff. Essentially, the main 89 

reason follows from the daily re-initialisation strategy employed in the HAR. As described in 90 

Section 3.1 and Maussion et al. (2014), each day was initialised and run separately, which 91 

permitted parallelisation and therefore computational tractability of the project. One corollary 92 
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of this approach is that SWE was initialised each day from the coarser FNL driving dataset. 93 

The accuracy of the SWE field is limited by the fact that insufficient data are available to 94 

produce a representative SWE analysis in this region, as well as the coarse resolution of the 95 

FNL data product. As so much of the runoff in the UIB originates from snow and ice melt, 96 

simulated runoff from the Noah LSM becomes dominated by the limitations of the SWE field 97 

from the FNL initialisation dataset. 98 

We determined this from a preliminary analysis of the HAR-computed runoff at a mean 99 

annual time scale, which showed HAR runoff to be very low relative to HAR effective 100 

precipitation (calculated as precipitation minus actual evapotranspiration). Consistent with 101 

this, we found the HAR peak SWE to be low relative to simulated snowfall. While there are 102 

multiple limitations to the representation of snow, glacier and hydrological processes in the 103 

Noah LSM, the daily initialisation of SWE from the FNL dataset appears dominant in 104 

shaping the underestimation of mean annual runoff. 105 

In contrast, Figure 3b shows that mean annual HAR effective precipitation is more consistent 106 

with observed runoff, acknowledging the variation between sub-basins. This leads to the 107 

question of whether effective precipitation may be a more useful quantity to look at for 108 

establishing the plausibility of HAR precipitation for the water balance. Indeed, this is the 109 

main point that we wish to investigate here, as the primary purpose of our study is to assess 110 

the near-surface climate representation in the HAR. As discussed in the main text, the utility 111 

of effective precipitation depends on the plausibility of the actual evapotranspiration (ET) 112 

estimates from the HAR. We find that HAR ET falls in the range of estimates from other data 113 

sources (see Table 4 in the main text and references in Section 4.1.2). This provides some 114 

empirical support for the HAR ET estimates, but we stress that the uncertainties in all 115 

estimates are large in this data-sparse region. Consistency between datasets is not a guide to 116 
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their absolute accuracy, given that each dataset has its own errors and biases, but it still helps 117 

to provide some indication that HAR precipitation may be a useful starting point for further 118 

studies of the UIB and its water balance.  119 

S2. Precipitation 120 

S2.1 Seasonality Comparison 121 

Figure S3 compares HAR10 precipitation seasonality with selected global reanalyses and 122 

HAR10. Spatial means for the NWUIB area are used in this comparison, in line with the 123 

coarser resolution of the global reanalyses. This explains why the HAR10 series is slightly 124 

different to that plotted on Figure 2b, which is just based on station locations, although the 125 

important pattern of having a relatively high fraction of annual precipitation in the first few 126 

months of the year and a relatively low fraction in summer is the same. Figure S3 shows that 127 

ERA-Interim and NASA MERRA2 have quite similar precipitation climatologies, which are 128 

in reasonable agreement with the mean of the observations. In both of these reanalyses, more 129 

of the annual precipitation occurs in winter and spring, but there is a non-negligible 130 

contribution in the summer months, which is in line with the mean of the observations. The 131 

HAR10 line shows a starker annual cycle, as expected from Figure 2b, while JRA55 is almost 132 

an intermediate case, with a relatively high fraction in the early part of the year but still more 133 

summer precipitation compared with the HAR. 134 

This indicates that there is reasonable consistency in the shape of the annual precipitation 135 

cycle in the global reanalyses examined here, which are in overall agreement with 136 

observations, although of course there is some degree of variation. It is interesting then that 137 



10 

 

the HAR tends to under-predict the fraction of annual precipitation occurring in summer 138 

relative to both observations and global reanalyses. 139 

 140 

Figure S3 – Comparison of precipitation seasonality between HAR10, selected global reanalyses and 141 

station observations for the NWUIB for the overlapping record period. 142 

S2.2 Inter-Annual Variability 143 

Figure S4a shows that, in addition to reproducing most mean annual observations (see main 144 

text, Section 4.1), HAR10 matches observed inter-annual variability fairly well in most cases. 145 

The higher variation evident for HAR30 is a corollary of its larger mean precipitation. 146 

Normalising for this difference shows that both products have a similar coefficient of 147 

variation (CV) for each station (not shown). The HAR CV values are also of the correct order 148 

of magnitude, but do not display particularly clear association with observed variation 149 

between stations. We extend the comparison in Figure S4b by examining the (absolute) 150 

monthly variability, which is well captured in HAR10 and higher in HAR30, again owing to 151 
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the latter’s larger overall magnitude. Overall this supports Maussion et al.'s (2014) finding 152 

that the HAR contains a useful representation of inter-annual precipitation variability. 153 

 154 

Figure S4 – Comparison of HAR precipitation variability with station observations. Annual standard 155 

deviations are given in (a), while (b) shows monthly standard deviations. The solid line in (b) shows 156 

the mean for all stations, while shading shows the range. 157 

S2.3 Time Series 158 

Monthly time series for the station locations are given in Figure S5. These series clearly show 159 

the added value of the HAR10’s high resolution in most cases. As expected from Figure 2, 160 

the greatest differences are at the Khunjerab, Ushkore and Ziarat stations. 161 
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 162 

Figure S5 – Comparison of monthly precipitation time series between the HAR and observations at 163 

station locations. 164 

S2.4 Mean Annual Precipitation Maps 165 

To illustrate the effects of resolution on precipitation skill, we plot mean annual precipitation 166 

for the HAR10 and the HAR30 in Figure S6. This is similar to maps shown in Maussion et al. 167 

(2014), but limited to the UIB extent. Figure S6 shows that both the HAR10 and HAR30 168 

generally agree on the major zones of orographic enhancement in the front ranges to the 169 
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south-west of the UIB, as well as in the Hunza, Shigar and northern parts of the Shyok basin. 170 

However, the differences between Figure S6a and Figure S6b highlight the enhanced ability 171 

of the HAR10 to represent topographic variation and its influences on precipitation contrasts 172 

between valleys and ridges. This helps to explain why HAR30 provides an overestimate 173 

relative to observed precipitation and runoff (see main text, Section 4.1). 174 

 175 

Figure S6 – Maps of mean annual precipitation for (a) HAR10 and (b) HAR30. 176 

S2.5 Spatial and Vertical Gradients 177 

To complement the evaluation of spatial and vertical precipitation gradients in the main text 178 

(Section 4.1.3), we analyse additional published vertical profiles here. In addition to the small 179 

number of observation-based vertical profiles available in other studies (Hewitt 2014; 180 

Winiger et al. 2005), these include model-based precipitation reconstructions from glacier 181 
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mass balance. The profile attributed to Lutz et al. (2016) was derived by the present authors 182 

for the NWUIB domain based on the historical baseline precipitation datasets released with 183 

their paper, which are in turn based on Immerzeel et al.'s (2015) model-based reconstruction.  184 

 185 

Figure S7 – Comparison of mean annual vertical precipitation profiles between the HAR and other 186 

studies. Hypsometry for the NWUIB is given in (a), which compares the Shuttle Radar Topography 187 

Mission (SRTM) reference with HAR10 and HAR30. Vertical precipitation profiles are given in (b). 188 

Mean and ranges (10
th
 to 90

th
 percentiles) of the spatial climatology are shown for the HAR and Lutz 189 

et al. (2016), with the latter profile inferred from the data made available with their study. HAR and 190 

Lutz et al. (2016) profiles are calculated for the NWUIB, while other profiles were derived for different 191 

sub-domains of the NWUIB. Hew2014 is Hewitt (2014), Lut2016 is Lutz et al. (2016), Imm2012 is 192 

Immerzeel et al. (2012), and Win2005 is Winiger et al. (2005). 193 

We reproduce the NWUIB hypsometry in Figure S7a for reference. The vertical precipitation 194 

profiles are shown in Figure S7b, which suggests that there is generally agreement in 195 

precipitation-elevation relationships up to around 3500 mASL. Above this elevation, the 196 
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profiles differ significantly, which is at least partially a function of differences in 197 

methodology and the precise areas of the NWUIB considered in each analysis. Interestingly, 198 

the central tendency of the HAR10 vertical profile agrees quite closely with Winiger et al. 199 

(2005)’s profile, the formulation of which has been the basis for a number of other studies of 200 

UIB climate and hydrology (Bocchiola et al. 2011; Soncini et al. 2014; Reggiani et al. 2016). 201 

HAR30 shows a change in its precipitation-elevation relationship at the sharp changes in its 202 

hypsometric profile at around 4500 mASL, but its profile is more uncertain due to the smaller 203 

number of grid cells. 204 

 205 

Figure S8 – Comparison of standardised residuals after removing elevation signal for total annual (a) 206 

precipitation and (b) snowfall. Colour scale is as per Figure 4 in the main text. 207 

The two profiles which provide an indication of spread in the relationship, HAR10 and Lutz 208 

et al. (2016), suggest that a substantial degree of spatial variation exists in precipitation-209 

elevation scaling across this domain. This is likely to be very hydrologically significant, 210 

affecting precipitation phase simulations, runoff timing and glacier accumulation. It is also of 211 
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note that the Lutz et al. (2016) and Immerzeel et al. (2012) profiles imply lower precipitation 212 

overall, particularly when considered in relation to the hypsometric profile. 213 

In addition, we reproduce Figure 4c from the main text to compare the differences between 214 

using total annual precipitation and snowfall in Figure S8. This shows that the patterns are 215 

very similar, owing to the high correlation between total precipitation and snowfall in the 216 

HAR. This is consistent with a higher fraction of annual precipitation falling in colder months 217 

and at higher elevations in the NWUIB. This also adds weight to the notion that a comparison 218 

of anomalies in precipitation and peak SWE derived from MODIS is possible at sub-regional 219 

scales, although at finer scales the influences of snow redistribution by wind and avalanches 220 

will reduce the correlation. 221 

 222 

Figure S9 – Mean annual peak SWE reconstructed from MODIS SCA and expressed as standardised 223 

anomalies based on the spatial mean and standard deviation for mass-constrained areas (e.g. non-224 

glaciated areas). 225 
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Finally we provide the reconstructed peak SWE field as standardised anomalies for reference 226 

in Figure S9. We use standardised anomalies to reflect some of the uncertainties in the 227 

reconstruction method, such as unknown degree day factors, on the basis that the relative 228 

patterns of spatial variation are likely more robust than the absolute peak SWE estimates. 229 

S3. Temperature 230 

S3.1 Variability 231 

In terms of variability, plotting the annual cycle of standard deviations of monthly 232 

temperature indicates good overall HAR performance (Figure S10). The main difference is 233 

that the HAR shows slightly higher inter-annual variability in summer and autumn. The 234 

observed peak in variability in May also happens a month later in the HAR, while the HAR 235 

has an additional peak in September/October that is less pronounced in observations. 236 

 237 

Figure S10 – Comparison of the HAR and observed monthly standard deviation. Median and ranges 238 

calculated across all stations are shown. 239 
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S3.2 Lapse Rates 240 

We apply linear regression to estimate near-surface air temperature lapse rates for both the 241 

HAR and observations. We use the NWUIB domain in our estimation for the HAR and all 242 

available stations for the observed lapse rates. From Figure S11a, we can see that the HAR 243 

and observed lapse rates are in good general agreement. The HAR exhibits higher lapse rates 244 

in summer, implying a faster rate of temperature decrease with elevation in the HAR. Indeed, 245 

there may be a connection here with the reduction in temperature bias in summer months 246 

(Figure 6a). We also note that there is closer agreement between HAR10 and HAR30 in 247 

summer months. 248 

 249 

Figure S11 – Comparison of lapse rates based on monthly mean temperatures determined through 250 

linear regression for the HAR (NWUIB domain) and observations. The ranges show 95% confidence 251 

intervals for the estimated lapse rates. 252 

 253 
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S4. Humidity 254 

Figure S12 shows winter and summer vertical profiles for relative humidity (as opposed to 255 

specific humidity, given in the main text in Section 4.3). The most striking feature here is that 256 

the HAR shows a clear increase in relative humidity with elevation in winter, whereas the 257 

observations contain very little elevation dependence. In contrast, the nonlinear profile of 258 

relative humidity increase with elevation in summer in the HAR appears consistent with the 259 

available observations. As HAR temperature lapse rates are reasonable in winter, the 260 

difference could be attributable to a greater influence of cold temperature bias on the relative 261 

lowering of saturation specific humidity at higher elevations. Lesser absolute temperature 262 

biases in summer may help to explain the greater conformity in the HAR’s relative humidity 263 

profiles at this time of year, although the lower peak in the specific humidity cycle may also 264 

contribute. HAR10 performance is better than the HAR30 for relative humidity in both 265 

seasons, which accords with its typically lower absolute temperature bias throughout the year. 266 

 267 

Figure S12 – Comparison of observed and HAR vertical profiles of relative humidity for (a) winter 268 

(DJF) and (b) summer (JJA). HAR profiles show the elevation band means and ranges. 269 
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S5. Incoming Shortwave Radiation 270 

To support the finding of a clear-sky bias that peaks in summer, Figure S13 shows incoming 271 

shortwave radiation time series for additional stations and years. This confirms that the HAR 272 

accurately simulates incoming shortwave radiation under clear-sky conditions at all available 273 

station locations. It also demonstrates that incoming shortwave variability is underestimated 274 

by the HAR in summer in different years and at all stations, particularly Askole and Urdukas. 275 

Lower data availability for Concordia makes it harder to be definitive for this station, but 276 

there does seem to be overestimation by the HAR in the summer months in 2012. This 277 

supports the conclusion drawn in Section 4.4 of the main text, namely that the HAR exhibits 278 

underestimation of cloudiness or cloud reflection effects. 279 
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 280 

Figure S13 – Time series of daily incoming shortwave radiation (SW) for (a) Askole, (b) Urdukas and 281 

(c) Concordia AWSs for both observations and corresponding HAR cells. Bold lines show 28-day 282 

moving average series. 283 

 284 
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S6. Wind Speed 285 

Due to its importance for turbulent heat fluxes between the atmosphere and surface, we made 286 

a preliminary comparison of HAR wind speeds with observations from the EvK2CNR 287 

stations. We used a logarithmic profile (assuming stability) to adjust the HAR wind speeds 288 

from their height above the surface (10 m) to the observation heights. This shows that the 289 

HAR cells have higher wind speeds compared with observations – between 2 and 5 m/s 290 

higher on average – as well as higher inter-annual variability. This is likely due to the 291 

significant differences in scale between point measurements and HAR grid cells, a 292 

particularly pertinent issue here, given the substantial variability of wind at multiple scales. 293 

However, the HAR and observed coefficients of variation are relatively similar (around 0.3), 294 

suggesting reasonable HAR performance in relative terms. 295 
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 296 

Figure S14 - Wind speed climatology comparison. Annual cycles of mean monthly wind speeds are 297 

shown for (a) Askole, (b) Concordia and (c) Urdukas EvK2CNR stations. Comparison of monthly 298 

coefficients of variation for the same stations is given in (d). 299 

 300 

 301 

 302 
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S7. Inter-Variable Relationships 303 

S7.1 Cloud, Albedo and Temperature 304 

In Table S2 we provide a summary of the significance of correlations presented in Figure 12 305 

in the main text.  306 

 Cloud Cover Fraction vs Temperature Albedo vs Temperature 

 HAR10 Observations HAR10 Observations 

Month P<0.1 P<0.05 P<0.1 P<0.05 P<0.1 P<0.05 P<0.1 P<0.05 

Jan 2 0 0 0 2 0 3 2 

Feb 1 0 0 0 0 0 0 0 

Mar 0 0 2 1 0 0 2 1 

Apr 4 2 0 0 4 3 4 1 

May 0 0 3 1 7 6 3 0 

Jun 6 4 2 1 10 10 1 1 

Jul 0 0 7 5 9 7 0 0 

Aug 0 0 2 1 1 0 3 1 

Sep 0 0 2 2 10 10 1 0 

Oct 0 0 0 0 10 10 1 0 

Nov 0 0 1 0 2 1 2 1 

Dec 4 4 6 2 2 1 0 0 

Table S2 – Number of stations with significant correlations for each month based on threshold P 307 

values of 0.1 and 0.05. The total number of stations used in the correlations is 10. 308 
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S7.2 Other Comparisons 309 

The comparisons in Section 4 (main text) suggest that the HAR shows some important 310 

strengths but also some weaknesses in its reproduction of observed near-surface climate. 311 

However, the physical basis of the underlying WRF model means the HAR should largely 312 

capture many of the relationships between near-surface climate variables in anomaly space at 313 

least. We test this presumption by comparing the monthly (rank) correlations between 314 

variables in observations and the HAR in Figure S15. Overall this shows that the HAR does 315 

indeed provide a reasonable guide to the bivariate dependencies between climate variables, as 316 

well as the magnitude of spatial variation where enough observations are available to 317 

quantify this. In general, both the absolute correlation coefficients and their evolution 318 

throughout the year are similar in the HAR and observations. This is potentially an important 319 

result, highlighting the additional information content gained from viewing the HAR dataset 320 

in relative terms. This could also be useful for applications using multivariate bias correction 321 

prior to cryospheric or hydrological modelling. 322 
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 323 

Figure S15 – Comparison of correlation coefficients (Kendall’s tau) between variables at station 324 

locations for observations and the HAR. Median and ranges are shown except where insufficient 325 

observations are available for ranges (in which case only correlations for Askole AWS are shown). 326 

Variable name abbreviations are: P – precipitation, T – temperature, RH – relative humidity, SW – 327 

incoming shortwave radiation, WS – wind speed. 328 
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