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ABSTRACT

Reliable precipitation data in the Himalayas are essential for the study of the water resources, the evolution
of glaciers, and the present and future climate. Although several types of precipitation datasets are available
for the Himalayan region, all of them have limitations, which hamper the quantification of the precipitation
fluxes at high elevations. This study compares different types of precipitation datasets issued from (i) in situ
data, (ii) satellite-based data [TRMM, Climate Hazards Group Infrared Precipitation with Station Data
(CHIRPS)], and (iii) a reanalysis product [High Asia Refined analysis (HAR)] for a small headwater
catchment at high elevations (Upper Dudh Koshi, Nepal) and assesses the impact of the precipitation
uncertainty on the result of the modeling of the glacio-hydrological system. During the analyzed period
from 2010 to 2015, large differences between the precipitation datasets occur regarding annual amounts
(ranging from 410 to 1190 mm yr ') as well as in seasonal and diurnal cycles. The simulations with the
glacio-hydrological model Distributed Hydrological Soil Vegetation Model-Glaciers Dynamics Model
(DHSVM-GDM) show that the choice of a given precipitation dataset greatly impacts the simulated snow
cover dynamics and glacier mass balances as well as the annual, seasonal, and diurnal streamflows. Due to
the uncertainty in the precipitation, the simulated contribution of the ice melt to the annual outflow also
remains uncertain and simulated fractions range from 29% to 76% for the 201213 glaciological year.

1. Introduction appropriate adaptation strategies for water resources
management.

Precipitation in the HKH region is influenced by two
major synoptical situations: the summer Indian monsoon
system, which starts in the Bay of Bengal and progresses
toward the Himalayan mountain range, bringing heavy
precipitation between June and September, and the
westerlies originating from the Mediterranean, Arabian,
or Caspian Seas and bringing precipitation during winter
(Lang and Barros 2004; Wang 2006; Bookhagen and
Burbank 2010). However, at high elevations, due to the
complex topography, the atmospheric processes re-
main poorly understood. In addition, the quantification
of the precipitation involves large uncertainties because
of limited observations. Particularly, the relation be-
tween precipitation and elevation and the distribution of
the precipitation phase (rainfall and snowfall) is not yet
fully resolved (Ménégoz et al. 2013; Cannon et al. 2017).

Nevertheless, several types of precipitation datasets
are available for the HKH region. First, some in situ
Corresponding author: Michel Esteves, michel.esteves@ird.fr measurements exist and are often used as reference

The Hindu Kush Himalaya (HKH) holds the third
largest glacierized area after the polar regions and pro-
vides water for more than 1.5 billion inhabitants living in
the major Asian basins of the Ganges, Brahmaputra,
Indus, Yellow River, and Yangtze (Immerzeel et al.
2010). The HKH is a key region to study both climate
and water resources availability as its mountain gla-
ciers play an important role in the water cycle (Viviroli
et al. 2007; Kaser et al. 2010; Pritchard 2017) and are
a good indicator of climate change (Scherler et al. 2011;
Bolch et al. 2012; Kddb et al. 2015). Moreover, this
densely populated region is very vulnerable concerning
the access to water (Shrestha and Aryal 2011; McDowell
et al. 2013; Singh et al. 2016). Knowledge of the pre-
cipitation fluxes occurring in the HKH is essential for
the study of present climate and hydrological re-
gimes and their future evolution in order to develop
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data, however, the meteorological stations measuring
precipitation are scarce with relatively short time series
and very few observations at elevations above 5000 m
MSL. Moreover instruments for in situ measurements
are known for underestimating the solid precipitation
(Wolff et al. 2015). Thus, a reliable relationship between
precipitation and elevation is difficult to realize. In the
Dudh Koshi basin Salerno et al. (2015) established an
exponentially decreasing precipitation gradient, while
Eeckman et al. (2017) proposed linear gradients with
elevation thresholds. As a result, large uncertainties
concerning the spatial distribution of the precipitation
exist. Furthermore, gridded precipitation products are
available such as TRMM based on satellite measure-
ments (Bookhagen and Burbank 2006), APHRODITE
based on a spatial interpolation of a rain gauge network
(Yatagai et al. 2012), and reanalysis datasets like ERA-
40 (Uppala et al. 2005), ERA-Interim (Dee et al. 2011),
MERRA (Rienecker et al. 2011), and NCEP-NCAR
(Kalnay et al. 1996). The gridded datasets provide a full
spatial coverage, but are only available at coarse spa-
tial (>0.25°) and temporal (mostly daily) resolutions.
Moreover, satellite products such as TRMM are also
known for showing significant biases for solid pre-
cipitation (Ménégoz et al. 2013; Maussion et al. 2014).
Nevertheless, these datasets are commonly used at dif-
ferent spatial and time scales in the HKH region in cli-
matological, glaciological, and hydrological studies,
which all depend strongly on precipitation data.

Several studies have compared the different precipi-
tation datasets over the HKH region (Andermann et al.
2011; Palazzi et al. 2013; Ceglar et al. 2017) and showed
high discrepancies in the annual amounts as well as in
the seasonal variability. In contrast, the precipitation
uncertainty at very high elevation and at subdaily time
scales has not been addressed in these studies. Yet, the
estimation of precipitation at small spatial and temporal
scale is important for the understanding of glaciological
or hydrological processes in these areas. For instance, in
glaciological modeling the amount of precipitation and
its spatial distribution on glaciers determine the accu-
mulation and plays an important role in the glacier mass
balance estimation (Immerzeel et al. 2012; Jarosch
et al. 2012).

This study evaluates the precipitation uncertainty in a
small high elevated catchment (above 4000 m MSL) lo-
cated in the Dudh Koshi catchment in Nepal. Five in situ
and gridded precipitation datasets available for the pe-
riod 2010-15 at high spatial resolution (<0.25°) and
temporal resolution (from hourly to daily) were used
for comparison. Among them two precipitation da-
tasets derived from two different types of rain gauges:
classical tipping buckets and Geonor gauges, which
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are designed for measuring solid precipitation. Due to
the scarcity of in situ data in the Nepalese Himalaya,
precipitation data measured with tipping buckets are
often used in hydrological and glaciological studies
in high elevated catchments (Immerzeel et al. 2014;
Ragettli et al. 2015; Salerno et al. 2015; Shea et al.
2015; Soncini et al. 2016). This study evaluates the
uncertainty of in situ measurements in a catchment
that receives a significant share of its annual pre-
cipitation as snow.

This study compares the precipitation derived from
each dataset on annual, monthly, and subdaily time
scales in order to assess the temporal variations and the
liquid and solid phases of the precipitation. Moreover,
the uncertainty of the interpolation method used for
spatializing in situ data is addressed by estimating dif-
ferent sets of precipitation and temperature altitudinal
gradients and analyzing their impact on the average
basin precipitation and the snowfall/rainfall distribution.
In the second part of this study, the glacio-hydrological
model Distributed Hydrological Soil Vegetation
Model-Glaciers Dynamics Model (DHSVM-GDM) is
used to evaluate the impact of the precipitation un-
certainty on the simulated water balance and the esti-
mated contributions of ice and snowmelt to the outflow.
Finally, the simulated results of the outflow, the snow
cover, as well as the glacier mass balances are compared
for the different precipitation datasets at annual to di-
urnal time scales.

2. Study area

This study focuses on the Pheriche subcatchment of
the Dudh Koshi basin (outlet at coordinates 27.89°N,
86.82°E) located in Nepal on the southern slopes of
Mt. Everest in the Sagarmatha National Park (SNP;
Fig. 1). The catchment area corresponds to 146 km?, and
its elevation extends from 4260 to 8848 m MSL. Further
details can be found in Mimeau et al. (2018).

Figure 1c shows the precipitation as a function of el-
evation in the upper Dudh Koshi basin. Mean annual
precipitation estimated for the period 2000-15 was de-
rived from in situ data collected at meteorological
stations maintained by the EvK2-CNR association
(www.evk2cnr.org) and from the PAPRIKA-PRESHINE
database (Chevallier et al. 2017). The figure confirms
the decrease of the annual precipitation above 2500 m
MSL in the Dudh Koshi catchment (Savéan et al. 2015;
Salerno et al. 2015; Eeckman et al. 2017). Yet, around
80% of the Pheriche catchment is situated above 5000 m
MSL, and the highest precipitation gauge in the
Khumbu region is the Pyramid located at 5035 m MSL,
which shows the lack of in situ measurements for the
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FIG. 1. (a),(b) Study area: Pheriche catchment (black) in the Sagarmatha National Park (green) in Nepal. Numbers correspond to the
meteorological stations listed in Table 1. (¢) Observed mean annual precipitation as a function of elevation. Annual precipitation
is calculated for the period 2010-15 for years with data coverage above 90% (data measured with tipping bucket rain gauges). The
hypsometry of the Pheriche basin is represented in gray and cumulative hypsometry by the red line.

analysis of the spatial variability of precipitation in the
Pheriche catchment.

3. Data and method
a. Available datasets

In situ meteorological data are available at hourly
time steps at the three meteorological stations located in
Pangboche (3950m MSL), Pheriche (4260 m MSL), and
Pyramid (5035m MSL; Table 1). At the Pheriche and
Pyramid stations, precipitation was measured with two
different types of rain gauges: classical tipping buckets
and Geonor T-200 sensors (since December 2012).
Classical tipping buckets are known for not correctly
measuring solid precipitation (Wolff et al. 2015). The
Geonor rain gauges are designed to measure solid pre-
cipitation more accurately, however a correction still
needs to be applied on the measured data for potential
undercatch. In both locations most of the time the wind
speed is lower than 3.2ms ™' (third quartile) at Pyramid
and 3.0ms ! (third quartile) at Pheriche, median values
were 2.00 and 1.42m.s "', respectively. For this range of
values, the catch efficiency for snowfall of a Geonor
T-200B equipped with a single Alter wind shield could
be only 65% (Wolff et al. 2015, their Fig. 5). Accurate

measurement of snow also depends on the type of
snowflake observed during a snowfall (Thériault et al.
2012). Geonor raw data were corrected from bias using a
dynamic correction model, based on air temperature,
wind speed and precipitation phase. The correction co-
efficients were estimated as described in Fgrland et al.
(1996). For this study, two precipitation datasets were
established based on the measurements with the two
instruments referred as Pluvio and Geonor datasets.
Three other precipitation datasets available at high
spatial resolution (<30km) and daily or subdaily time
scale for the Himalayan region were used (Table 2). We
considered the High Asia Refined analysis (HAR) at-
mospheric dataset, which was generated by dynamical
downscaling of global analysis data using the Weather
Research and Forecasting (WRF) Model and provides
data at an hourly time step and a resolution of 10 km
over the Tibetan Plateau from 2001 to 2014 (Maussion
et al. 2014). We further used precipitation data from the
Tropical Rainfall Measuring Mission (TRMM) Multi-
satellite Precipitation Analysis (TMPA). This study
makes use of the TRMM 3B42 version 7 product, which
provides precipitation data from a combination of re-
mote sensing observations (microwave imager, precipi-
tation radar, visible and infrared scanner) and in situ

TABLE 1. List of meteorological stations with observed variables and rain gauge types. Definitions are as follows: 7 is air temperature,
P is precipitation, WS is wind speed, RH is relative humidity, SWin is incoming shortwave radiation, and LWin is incoming longwave
radiation; TB is tipping bucket, and Geonor is the Geonor T-200 sensor.

No. Name Elevation (m) Lat (°N) Lon (°E) Observed variables Type of rain gauge
1 Pangboche 3950 27.857 86.794 T, P TB
2 Pheriche 4260 27.895 86.819 T, P, WS, RH, SWin TB, Geonor
3 Pyramide 5035 27.959 86.813 T, P, WS, RH, SWin, LWin TB, Geonor
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TABLE 2. List of precipitation datasets. Definitions are as follows: PR gradient is precipitation gradient, T gradient is temperature
gradient, H is hourly, D is daily, M is monthly, A is annual, and B is benchmark.

Dataset Spatial resolution Temporal resolution Time period PR gradient T gradient Reference
Geonor (in situ) 2 stations Hourly 2012-15 H,D,M,A,B H,D,M, A,B This study (IRD)
Pluvio (in situ) 2 stations Hourly 2010-15 H D This study (EvK2-CNR)
CHIRPS 1 S5km Daily 2010-15 — D Funk et al. (2015)
CHIRPS 2 Skm Hourly 2012-15 — D Funk et al. (2015)

HAR 10km Hourly 2010-14 — D Maussion et al. (2014)
TRMM 27 km 3h 2010-15 — D Huffman et al. (2007)

observations (Huffman et al. 2007). The TRMM pre-
cipitation data are available since 1998 at a spatial res-
olution of 0.25° and a time step of 3 h. Finally, we used
the Climate Hazards Group Infrared Precipitation with
Station Data (CHIRPS) precipitation product (Funk
et al. 2015). CHIRPS is a global precipitation dataset,
which combines satellite imagery (infrared cold cloud
duration observations) with in situ stations data.
CHIRPS precipitation data are available since 1981
at a daily time step and a spatial resolution of 0.05°.

Due to the mismatch between the spatial resolutions
of the three gridded datasets, particularly TRMM
(30km) and HAR (10km), and the catchment area
(146 km?), we do not intend in this study to evaluate the
quality of the datasets for the Pheriche catchment, but to
assess the error on the precipitation for a small Hima-
layan catchment and to quantify the uncertainty of the
simulated hydrological response to a realistic range of
forcing precipitation.

1) HOURLY DOWNSCALING

Since the hydrological model is forced with pre-
cipitation data at a 1h time step, the TRMM and
CHIRPS datasets were converted into hourly data.

In the case of the TRMM dataset, the precipitation over
3h was uniformly distributed among the 1h time step.

Concerning CHIRPS precipitation, two different
datasets were established in order to assess the impact
of the subdaily distribution of the precipitation on the
repartition between solid and liquid phases and on the
glacio-hydrological modeling. First, a dataset referred
to as CHIRPS 1 was derived by uniformly distribut-
ing the precipitation intensity over the entire day. The
second dataset, CHIRPS 2, was created using the pre-
cipitation intensity observed by the Geonor rain gauges
according to

P
P X ObsH , (1)

P CHIRPS/J P
Obs/

CHIRPSH

where Pcprpsy and Peprpsy are the 1h and 24 h pre-
cipitation in a CHIRPS grid cell and Popsyy and Popsy are
the 1h and 24 h precipitation measured by the closest

Geonor rain gauge. If no precipitation was measured
during a day (Popsy = 0), the CHIRPS daily precipitation
was also uniformly distributed over the entire day.

2) SPATIAL INTERPOLATION

To estimate the Pheriche catchment precipitation
from the Geonor and Pluvio datasets, the Pheriche and
Pyramid gauges were spatially interpolated by inverse
distance weighting (IDW) at a 100-m resolution over the
catchment and an hourly altitudinal precipitation gra-
dient was applied in order to take into account the to-
pography (see section 4). The HAR, TRMM, CHIRPS
1, and CHIRPS 2 catchment precipitation were esti-
mated by calculating the weighted average of the data-
sets grid cells overlapping the catchment domain.

3) SEPARATION OF THE PRECIPITATION PHASES

The same temperature distribution was used to sepa-
rate solid and liquid phases or every precipitation data-
set. The temperature distribution is derived from the
Pheriche and Pyramid AWS in situ measurements which
were interpolated by IDW at 100-m resolution. A daily
temperature lapse rate (see section 4) was also applied to
take into account the elevation. Precipitation is defined as
snowfall if the temperature is below 0°C and as rainfall if
the temperature is above 2°C. Between 0° and 2°C pre-
cipitation is composed of mixed snowfall with the share of
rainfall increasing linearly with temperature.

4) ALTITUDINAL GRADIENTS

The precipitation and temperature lapse rates are
calculated using in situ data collected at Pangboche
(3950m MSL), Pheriche (4260m MSL), and Pyramid
(5035m MSL). We analyzed the impact of the im-
posed temperature and precipitation lapse rates on the
catchment precipitation and on the snow and rainfall
partitioning by testing different sets of gradients cal-
culated at hourly, daily, monthly, and annual time
scales. A benchmark set of lapse rates with a constant
precipitation lapse rate equal to 0 and a standard av-
erage temperature gradient equal to —0.0065°Cm !
(Barry and Chorley 2009) was used as reference. To
retain only significant hourly and daily precipitation
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lapse rates, the lapse rate is set to zero in cases where
the lapse rates between the two pairs of stations
(Pangboche—Pheriche and Pheriche-Pyramid) were not
of the same sign.

b. Hydro-glaciological modeling

1) NUMERICAL SETUP

Glacio-hydrological simulations are run with DHSVM-
GDM, a physically based and spatially distributed de-
veloped by Wigmosta et al. (1994) and Naz et al. (2014)
is a model. The parameterization of snow and glaciers
in DHSVM-GDM was modified concerning the snow
albedo, the snow transport by avalanches, and the ice
melting for debris-covered glaciers. These modifications
as well as the applied model parameters are presented in
detail in Mimeau et al. (2018).

To describe the topography of the study area an
ASTER DEM originally at 30-m resolution was
resampled to a 100-m resolution. Data used for the
soils, land cover, and glacier description are described
in (Mimeau et al. 2018).

Concerning the meteorological forcing, in situ mea-
surements of air temperature, relative humidity, wind
speed, incoming shortwave and incoming longwave
from the Pheriche and Pyramid AWS were spatially
distributed using the IDW method. To test the sensi-
tivity of the glacio-hydrological modeling to the temper-
ature and precipitation gradients the model was forced
with the Geonor precipitation dataset with five sets of
precipitation and temperature gradients: hourly, daily,
monthly, annual, and benchmark gradients (Table 2).

For the Geonor and Pluvio datasets, hourly precipi-
tation gradients are used to derive the spatially resolved
precipitation. For the HAR, TRMM, and CHIRPS
datasets, no precipitation gradient was applied and the
precipitation was uniformly distributed over the original
grid of each dataset. Concerning temperatures, the same
daily temperature lapse rates were applied for the six
simulations.

Simulations were run at a 1-h time step and 100-m
spatial resolution for periods with available meteoro-
logical, precipitation, and discharge data.

2) MODEL EVALUATION

A multicriteria evaluation was performed using the
simulated outflows, the snow cover area, and the gla-
cier mass balance. Discharge measurements of the
Khumbu River at Pheriche station were used as refer-
ence for the evaluation of simulated outflows. Dis-
charge measurements were obtained from a pressure
water level sensor at a 1-h interval since October 2010
with an uncertainty of 15%. Nash-Sutcliffe efficiency
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(NSE; Nash and Sutcliffe 1970) and Kling-Gupta effi-
ciency (KGE; Gupta et al. 2009) were chosen as ob-
jective functions and applied to daily discharges. We
used daily MODIS satellite images corrected and re-
sampled at a 250-m resolution with the MODImLab
algorithm (Sirguey et al. 2009) to evaluate the simu-
lation of the snow cover area (Mimeau et al. 2018).
The simulated glacier mass balances were evaluated
at basin scale by comparison with previously pub-
lished regional geodetic mass balances.

4. Results and discussion
a. Temperature and precipitation gradients

Figure 2 presents the calculated hourly, daily, monthly,
and annual temperature and precipitation lapse rates
and the associated correlation coefficient R%. The mean
annual temperature lapse rate in the Pheriche catch-
ment is —5.1°C (1000 m) ~'.The temperature gradient is
smallest during the winter and monsoon seasons and
highest during the premonsoon and postmonsoon sea-
sons. These gradients are consistent with the results by
Kattel et al. (2013) and Immerzeel et al. (2014), who
found mean annual gradients of —5.2° and —5.4°C
(1000m) ', respectively, and similar seasonal patterns
for the southern slope of the central Himalayas and in
the Langtang basin. During the period from November
2010 to November 2015 we found 25 days with positive
daily temperature gradients. Such temperature in-
versions are only represented by hourly and daily gra-
dients, while monthly and annual gradients do not
capture such rare conditions.

For the precipitation lapse rates, we found a mean
annual lapse rate of 35mm (1000m) !, which is con-
sistent with the results by Salerno et al. (2015) and
Eeckman et al. (2017), who found slightly decreasing
annual precipitation above 4000 m MSL. However, at
monthly, daily and hourly scales we found fluctua-
tions between positive and negative lapse rates. The
monthly lapse rates show positive values in winter
(between January and April) and mainly negative
values during the monsoon and postmonsoon seasons.
This corresponds to the different types of precipita-
tion fluxes occurring in the catchment: during the mon-
soon season the precipitation flux has a south-north
direction and decreases with altitude after reaching a
maximum precipitation between 2500 and 3000 m MSL
(Salerno et al. 2015; Savéan et al. 2015; Eeckman et al.
2017). However, in winter the precipitation are caused
by the westerlies with a west—east gradient, which can
contribute to more precipitation at higher altitudes.
Figure 2b shows that at the hourly time step (i.e., the
time step of the hydrological modeling in this study),
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FIG. 2. (a) Temperature and (b) precipitation gradients calculated at hourly, daily, monthly, and annual time steps with in situ data
(Pyramid, Pheriche, and Pangboche stations).

the hourly precipitation gradient show large fluctuations
whereas the annual and monthly gradients are very close
to the benchmark gradient equal to zero.

b. Precipitation datasets analysis

1) ANNUAL PRECIPITATION AMOUNTS

The six analyzed precipitation datasets show a large
variability of annual precipitation amount over the
Pheriche catchment (Table 3). The Pluvio and HAR
datasets indicate less than 470mmyr ' of precipitation,

whereas the CHIRPS and TRMM datasets result in pre-
cipitation rates higher than 960mmyr '. The Geonor
dataset gives an intermediate rate with 688 mmyr'. The
distribution between solid and liquid precipitation varies
between the datasets with the fraction of annual solid
precipitation ranging from 60% for the TRMM dataset to
76% for HAR. A large difference between the two da-
tasets from the in situ measurements is found [242 mm
(59%) of annual snowfall for the Pluvio dataset versus
533mm (78%) for the Geonor dataset] related to the
undercatch of the solid precipitation by the standard

TABLE 3. Mean annual basin precipitation obtained with the six precipitation datasets during the period 2010-15 (depending on data
availability) and the glaciological year 2012-13. The HAR, CHIRPS 1, CHIRPS 2, and TRMM total precipitation were derived from the
weighted average of the datasets grid cells overlapping the catchment domain (see section 2).

Dataset Geonor Pluvio CHIRPS 1 CHIRPS 2 HAR TRMM
Period 2012-15 2010-15 2010-15 2012-15 2010-14 2010-15
Total (mm) 687 409 1065 961 471 1186
Monsoon (%) 58 84 76 77 53 75
Snowfall (mm) 533 242 638 627 359 707
Snowfall (%) 78 59 60 65 76 60

201213
Total (mm) 711 429 1005 1011 521 1235
Monsoon (%) 58 74 73 73 38 67
Snowfall (mm) 516 240 578 612 406 687
Snowfall (%) 73 56 57 61 77 56
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TABLE 4. Mean annual basin precipitation during the period
2012-15 obtained with the Geonor precipitation dataset and with
temperature and precipitation lapse rates calculated at different
time steps.

Lapse rate  Hourly Daily Monthly Annual Benchmark
Total (mm) 645 600 575 588 597
Monsoon (%) 58 57 55 59 59
Snowfall (mm) 488 451 433 436 464
Snowfall (%) 76 75 75 74 78

pluviometer. The two CHIRPS datasets result in rather
similar annual precipitation for the year 2012-13, how-
ever, the CHIRPS 2 dataset results in a slightly larger
fraction of snowfall compared to CHIRPS 1 with frac-
tions of 61% and 57% of solid precipitation.

We also compared the rainfall and snowfall data from
the HAR dataset in the Pheriche catchment for the
period 2010-14 and found a higher snowfall fraction
(83%). The large fraction of solid precipitation with the
HAR dataset compared to the other datasets corrobo-
rates other studies finding that WRF with the Thompson
microphysics scheme tends to produce too much snow-
fall (e.g., Hughes et al. 2017).

We tested the impact of the temperature thresholds on
the rainfall/snowfall repartition by changing the thresh-
olds to —1° and 3°C, which are also reliable thresholds
according to the existing literature (e.g., L’hote et al.
2005; Froidurot et al. 2014; Jennings et al. 2018), and
found similar snowfall fractions for every datasets.

Concerning the impact of the lapse rate on the
catchment precipitation, Table 4 shows that the derived

Geonor Pluvio CHIRPS 1
Total y
precipitation i.
Snowfall @6 @
Rainfall @ C;b

0 200 400
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annual amounts range between 575 and 645 mm for the
Geonor dataset. Therefore, the uncertainty related to
the lapse rate is small compared to the uncertainty re-
lated to the source of the precipitation data. Neverthe-
less, the lapse rates impact the estimation of very high
altitude precipitation (above 6000m MSL) and, thus,
mainly impact the amount of annual solid precipitation
ranging from 433 to 488 mm. The application of the
hourly lapse rate results in the highest precipitation
because positive lapse rates mainly occur during the
winter season, which leads to larger amounts of snowfall
at very high altitudes. On the opposite, the monthly and
annual lapse rates give smaller precipitation amounts
than the benchmark dataset. Applying the monthly and
annual gradients causes a decrease at higher altitudes,
while the precipitation is homogeneous in the bench-
mark dataset.

We also tested the sensitivity of the temperature and
precipitation lapse rates separately. The results show
that the solid/liquid precipitation distribution is mainly
sensitive to the precipitation lapse rate. The chosen time
step for the temperature lapse rate calculation has a
limited impact on the solid/liquid precipitation distribu-
tion as the mean annual snowfall amount obtained with
the hourly, daily, monthly, and annual temperature lapse
rates tested separately ranges between 525 and 533 mm.

Figure 3 presents the spatial distribution of the pre-
cipitation for each dataset for the glaciological year
2012-13, which is the only common year in all datasets.
The precipitation datasets show a large variability in their
spatial distribution. The interpolated in situ precipitation

CHIRPS 2

HAR

TRMM

&
¢

600 800

mm

1000 1200 1400

FIG. 3. Spatial distribution of the total precipitation, snowfall, and rainfall for the year 2012-13 for each precipitation dataset.
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FIG. 4. Monthly rainfall and snowfall derived for each dataset.

results in a relatively uniform precipitation over the
catchment with more snowfall at higher altitudes, es-
pecially in the Eastern part of the catchment around
the Mount Everest. The Geonor and Pluvio datasets
have similar rainfall but different snowfall patterns.
The CHIRPS datasets show a south-north gradient
with more precipitation on the northern part of the
catchment and a west—east gradient. The CHIRPS 1
dataset shows more rainfall in the valleys and less
snowfall on elevated areas compared to CHIRPS 2.
The HAR precipitation also follows a strong west—east
gradient with very little precipitation on the western part
(less than 300 mm) and more than 800 mm on the eastern
part around Mt. Everest. Since TRMM precipitation

has a coarse spatial resolution, the catchment is almost
entirely covered by one grid cell leading to a uniform
precipitation pattern for the catchment. The grid cell
corresponding to the northern part of the catchment
gives a smaller amount of precipitation, since it is cen-
tered on the Tibetan plateau, which receives much less
precipitation and is not representative for the Pheriche
catchment.

2) SEASONAL VARIATION OF THE PRECIPITATION

Figure 4 represents the monthly precipitation for each
precipitation dataset between 2011 and 2015. The Pluvio
dataset leads to different seasonal distribution of the
precipitation compared to the Geonor dataset with 84 %
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premonsoon (AM), monsoon (JJAS), and postmonsoon (ON) seasons.

of the precipitation occurring during the monsoon sea-
son (against 60% with the Geonor dataset). Wagnon
et al. (2013) and Salerno et al. (2015) both found a high
monsoon precipitation share (respectively 80% and
90%) at the Pyramid station using the EvK2-CNR pre-
cipitation measurements with classical tipping buckets
and these studies both mentioned that the solid pre-
cipitation was underestimated by the tipping buckets.
With the Geonor dataset the monsoon precipitation
represents only 58 % of the annual precipitation because
the Geonor gauges measure more solid precipitation
during the winter season (Fig. 4). The CHIRPS, HAR,
and TRMM datasets also show differences in the sea-
sonal repartition of precipitation. Figure 4 shows that
seasonal variations in the HAR dataset are very differ-
ent from the other datasets as the monsoon precipitation
only represents 53% of the annual precipitation in the
HAR dataset, whereas it is the main source of pre-
cipitation in the other datasets (from 60% up to 85%).
Moreover, most of the HAR precipitation occurs be-
tween the post and premonsoon seasons, when the
temperatures are lower leading to a high proportion of
snowfall (76%).

The CHIRPS and TRMM data result in particu-
larly high amounts of precipitation during the mon-
soon season (76% and 77 %) with a smaller proportion
of snowfall.

3) DIURNAL VARIATION OF PRECIPITATION

Figure 5 represents the daily cycle of the precipitation
for all datasets and for the different seasons. The two
in situ precipitation datasets have very different pat-
terns during winter, premonsoon and postmonsoon. The
Geonor shows a broad maximum in the second half of
the day with highest values around 1800 local time (LT).
The Pluvio dataset shows peaks of precipitation around
noon during postmonsoon and winter. This can be ex-
plained by the fact that the classical tipping buckets do
not register the snow entering the bucket, when the
temperature is below 0°C. The snow accumulates inside
the bucket and melts only later when the ambient
temperature rises above 0°C during the day. Thus, the
peak is mainly caused by the melting of the previously
accumulated snow. This precipitation pattern results
in different distributions of liquid and solid precipi-
tation since air temperatures are applied to determine
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the precipitation phase. During premonsoon and
postmonsoon, a significant part of the Pluvio precip-
itation is characterized as rainfall because the pre-
cipitation is recorded during daytime with temperatures
above 0°C. Thus, it is likely that a large fraction of the
snowfall is wrongly attributed to liquid precipitation.
In contrast, almost all precipitation obtained by the
Geonor is defined as snowfall, since precipitation is
mainly recorded during the evening and at night
with temperatures below 0°C. During the monsoon
season, the Geonor and Pluvio datasets give similar
precipitation patterns since the air temperatures at
the Pheriche (4260m MSL) and Pyramid (5035m
MSL) stations are generally positive and the pre-
cipitation measured by both instruments is classified
as rain.

The two CHIRPS datasets give different patterns of
snowfall and rainfall distributions due to the different
subdaily repartition of the precipitation. Particularly,
during the monsoon season, the CHIRPS 1 dataset leads
to a shift of the rainfall peak at noon compared to the
evening peak obtained with the CHIRPS 2 dataset.

The TRMM dataset has a diurnal pattern similar to
the Geonor dataset during the monsoon season with a
peak of precipitation in the evening. TRMM clearly
overestimates the precipitation during the premonsoon

and monsoon seasons, particularly the evening snowfall
events during premonsoon.

HAR shows diurnal winter and monsoon precipi-
tation patterns different from the other datasets.
In winter, HAR shows no particular diurnal variation
and higher snowfall intensities than the other data-
sets. During monsoon season, precipitation intensi-
ties are lower, the peak of precipitation occurs in the
morning and precipitation at night and during the
evening remains limited.

c. Impacts of the precipitation uncertainty on the
simulated water balance components

Figure 6 shows the annual simulated water balance for
the year 2012-13 derived with each precipitation data-
set. In all simulations, the sum of water losses is on
average 46 mm below the sum of the annual contribu-
tions. This difference is essentially due to numerical
errors (global model error of 0.81%), but can also be
partly ascribed to the model initialization, despite a
3-yr spinup.

The simulated annual outflow is clearly not directly
proportional to the annual amount of precipitation.
Datasets with high amounts of precipitation (CHIRPS
and TRMM) lead to an overestimation of the annual
outflow, but this is also the case for the Pluvio dataset
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FIG. 7. Boxplot of the daily (a) SWE and (b) SCA for the year 2012-13 simulated with the six precipitation datasets.
Observed SCA derived from daily MODIS satellite images is also shown.

with a low amount of precipitation. The annual amount
of precipitation impacts the amount of ice melt. Large
amounts of precipitation result in a low amount of gla-
cier mass loss, whereas low amounts of precipitation
result in large glacier mass losses. The snow and rainfall
distribution and the temporal distribution of the pre-
cipitation also play major roles in the water balance:
datasets with similar amounts of precipitation, but with
different amounts of solid precipitation (i.e., the Pluvio
and HAR datasets) result in different glacier mass losses
and annual outflows. Similarly, the CHIRPS 2 dataset
has the same annual amount of precipitation than
CHIRPS 1, but a different temporal distribution and
leads to a lower glacier mass loss and annual outflow.

Concerning the losses by evapotranspiration and
sublimation, all precipitation datasets lead to similar
results with annual values around 150 mm. Results also
demonstrate that the simulated soil, snow, and englacial
storages show small annual variations and that changes
in the stored amounts are negligible for the annual water
balance.

1) SNOW COVER AREA AND SNOW WATER
EQUIVALENT

Figure 7 shows the simulated snow water equivalent
(SWE) and snow cover area (SCA) during the glacio-
logical year 2012-13 with respect to the used precipita-
tion dataset. The daily SWE and SCA distributions for
the catchment show a large variability, particularly for
the SWE where distributions do not always overlap
which each other.

The two in situ datasets, result in very different SWE
and SCA. The Geonor dataset gives a median daily
SWE of 235 mm and a median daily SCA of 60% of the

catchment area, whereas the Pluvio dataset leads to very
low daily SCA and SWE values. Most of the SCA values
obtained with the Pluvio dataset range between 20%
and 30% and the Pheriche basin is never fully covered
by snow, which is not in agreement with the SCA de-
rived from the MODIS images. The differences between
the SCA and SWE values obtained with the Geonor
and Pluvio datasets are clearly related to different
amounts of annual snowfall (Table 3). The datasets
CHIRPS 1 and 2 show the impact of the diurnal dis-
tribution of the precipitation on the snow cover sim-
ulation. CHIRPS 1 has less annual snowfall, which
explains that CHIRPS 1 gives smaller daily SWE
values than CHIRPS 2. Moreover, as the precipitation
is uniformly distributed during the day, the maximum
snowfall rates are smaller in the CHIRPS 1 dataset
leading to a thinner snowpack and a quicker melting
of the fresh snow (see Fig. 5). The CHIRPS 2 dataset
with the hourly disaggregation using in situ data re-
sults in simulated SCA closer to MODIS. The HAR
dataset has a low SWE distribution, but a large SCA
variability with a mean SCA of 47%. Most of the HAR
precipitation occurs during winter and is classified as
solid precipitation, which explains the high SCA.
Nevertheless, the snow melts quickly, when the tem-
perature increases and the little snowfall during the
monsoon season causes the low SWE values and the
low minimum SCA. The large amount of snowfall in
the TRMM dataset leads to a median snow coverage
of 55% in the catchment. The SWE value is also
higher than obtained with the other datasets due to a
larger snow accumulation. The comparison between
the six precipitation datasets shows that the simulated
SWE and SCA are not linearly correlated to the
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annual amount of snowfall. For example, the Geonor
dataset leads to a higher median SWE value compared
to the CHIRPS 1 dataset despite the lower amount of
snowfall (516 mm for the Geonor dataset versus
578 mm for CHIRPS 1 for the year 2012-13). Simi-
larly, the Pluvio and HAR both result in low median
SWE values (lower than 150mm) with different
amounts of annual snowfall (240 mm for the Pluvio
dataset versus 406 mm for HAR). This shows that the
seasonal and hourly distribution of the solid precipi-
tation has a large impact on the simulated snow cover.

2) GLACIER COMPONENT

Figure 8 illustrates the impact of the precipitation
dataset on the simulated glacier mass balance. The
simulated glacier mass balance is well correlated to the
annual amount of snowfall (R*> = 0.7). Nevertheless,
the CHIRPS 1 and CHIRPS 2 datasets show that similar
snowfall amounts can lead to different simulated glacier
mass balances. For instance, for the glaciological year
2012-13, while the annual amounts of snowfall of the
CHIRPS 1 and CHIRPS 2 datasets correspond to 578
and 612 mm, the derived glacier mass balances are equal

to —1.55 and —1.09m water equivalent (w.e.) yr ', that
is, an increase of 6% of the snowfall amount leads to
a decrease of 30% of the glacier mass balance.

The large differences between the mass balances
simulated with the CHIRPS 1 and CHIRPS 2 datasets
shows the impact of the diurnal cycle of the precipitation
on the glacier mass balance: the CHIRPS 2 dataset leads
to more precipitation during the afternoon and night in
the monsoon season (see Fig. 5), resulting in larger snow
accumulation (Fig. 7) and less melting (Fig. 6). Figure 8
and Table 5 also show the range of values of glacier mass
balances determined with geodetic methods (Bolch
et al. 2012; Gardelle et al. 2013; Nuimura et al. 2015;
King et al. 2017; Brun et al. 2017). Only the order of
magnitude of these mass balances can be compared to
the simulated annual mass balances since the considered
areas and the time periods are not the same in all studies.
The Pluvio and HAR datasets result in very negative
glacier mass balances (with a mean annual mass balances
respectively equal to —1.98 and —1.52m w.e. yr ') due to
the lack of snow accumulation on the glaciers and the
excess of ice melt and differ strongly from observed
glacier mass balances. The mass balances simulated

TABLE 5. Geodetic mass balances estimated on the Khumbu-Changri glacier and the Pheriche catchment.

Glacier mass balances

(m w.e. yr 1) Period Area Reference
—0.32 = 0.09 2000-16 Pheriche catchment Brun et al. (2017)
—0.38 = 0.52 2002-07 Khumbu-Changri glacier Bolch et al. (2012)
—0.67 = 0.45 2000-08 Khumbu-Changri glacier Nuimura et al. (2015)
—0.47 = 0.18 1999-2011 Khumbu-Changri glacier Gardelle et al. (2013)
-0.35+0.15 2000-16 Khumbu-Changri glacier King et al. (2017)
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FIG. 9. Simulated annual and monthly outflow and flow components with the six precipitation datasets for the glaciological year 2012-13.
Observed outflows (black dashed line) are represented with a 15% interval of uncertainty.

with the Geonor dataset (ranging between —0.5
and —1.19m w.e. yr ') are close to the geodetic mass
balances and remain within the interval of uncer-
tainty. Concerning the CHIRPS datasets, the mass
balances obtained with the CHIRPS 1 dataset are
lower than the mass balances simulated with the
Geonor dataset, whereas the CHIRPS 1 snowfall
amounts are higher. The hourly distributed precipita-
tion of the CHIRPS 2 dataset leads to simulated mass
balances closer to the geodetic mass balances values.
The glacier mass balances simulated with the TRMM
dataset are all within the range of uncertainty of the
geodetic mass balances. However, for the glaciological
year 2010-11, the TRMM leads to a positive mass
balance which does not seem realistic. The large
amounts of snow accumulation produced by the
TRMM dataset cause low amounts of ice melt, which

explains the higher mass balances obtained with the
TRMM dataset.

3) RUNOFF COMPONENTS

Figure 9 illustrates the simulated annual and monthly
discharges and flow components for the glaciological
year 2012-13 derived for the six precipitation datasets.
Here, the sum of the three flow components (ice melt,
snowmelt, and net rainfall) corresponds to the total
production of runoff. At a monthly time step, the pro-
duction of runoff is not necessarily equal to the river
outflow because the time of transfer within the catch-
ment is not taken into account.

(i) Annual contributions

Like applied precipitation datasets, the simulated an-
nual outflow shows a considerable variability: it ranges

Unauthenticated | Downloaded 11/10/21 03:35 PM UTC



1116

from 1071 mm for the Geonor dataset to 1456 mm for
the CHIRPS 1 dataset. Nevertheless, while the maxi-
mum and minimum annual precipitation amounts vary
by a factor of 2.9 (1235 mm for the TRMM dataset and
429 mm for the Pluvio dataset for the year 2012-13),
the ratio between the maximum and minimum annual
outflow is only on the order of 1.3. Figures 6 and 9 show
that in cases with low annual precipitation amounts
(and specifically with low annual snowfall amounts),
additional ice melt leads to a compensation in the
simulated annual outflows. As a result, the uncer-
tainty related to the precipitation has a strong impact
the estimation of the hydrological contributions to the
outflow. With the different precipitation datasets,
the ice melt contribution ranges from 29% to 76%,
the snowmelt from 14% to 34% and the net rainfall
from 7% to 37%. The HAR and Pluvio datasets,
which present low annual precipitation amounts, re-
sult in higher simulated annual outflow compared to the
Geonor dataset due to larger amounts of ice melt. In
contrast, the CHIRPS and TRMM datasets over-
estimate the precipitation and produce too much runoff
compared to the observed outflow (bias between +29%
and +47%). The Geonor and HAR both give annual
outflows similar to the observed outflow but with dif-
ferent contributions for the outflow components (67%
of ice melt for HAR and 48% for Geonor).

(ii) Monthly contributions

For all the datasets, the production of runoff is
higher than the river outflow before the month of
July, and lower in the period from August until De-
cember. This is due to the variation of the ground-
water and englacial storage in the model: liquid water
is stored in the soil or glacier reservoirs during the
premonsoon and monsoon and then released during
postmonsoon and winter (Mimeau et al. 2018).

The Geonor dataset results in the best simulated
outflow (NSE and KGE equal to 0.95 and 0.91 for daily
discharges) except in October 2013 when the simulated
discharge is overestimated. This month is marked by the
passage of the Phailin typhoon on October 13, which is
not accurately reproduced by the model due to a too
quick hydrological response to the event. The Geonor
dataset results in mixed contributions of net rainfall,
snowmelt, and ice melt during the monsoon season,
a main contribution from snowmelt during the pre-
monsoon, and a main contribution of ice melt during
postmonsoon and winter.

The simulation with the Pluvio dataset leads to an
overestimation of the winter and premonsoon dis-
charges with a large contribution of ice melt. This is due
to the low amount of snowfall during winter: the snow
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cover melts rapidly and the glaciers are exposed and
contribute significantly already in March to the outflow.

With the HAR dataset, the discharges are well sim-
ulated (0.87 NSE and 0.75 KGE) particularly during
low flow periods. The simulations with HAR generate
a large amount of ice melt compared to the Geonor
dataset and the seasonal repartition of the flow com-
ponents is very different between the two datasets.
HAR results in a large amount of snowfall during
winter, which delays the beginning of the ice melt and
the rise of the discharges to May and is, thus, consistent
with the observed outflow. However, HAR over-
estimates the ice melt production during the monsoon
season, due to a lack of precipitation to produce snow
accumulation at high altitude to limit the glacier melt
(Fig. 7).

Concerning the CHIRPS datasets, the discharges are
well simulated outside the monsoon season, but the
excess of precipitation during the monsoon season leads
to overestimated discharges. The simulations with the
CHIRPS 1 and the CHIRPS 2 datasets show the impact
of the diurnal cycle of the precipitation on the simulated
annual and seasonal outflow. Similar amounts of pre-
cipitation with different subdaily distributions give dif-
ferent solid and liquid precipitation repartition and,
thus, different amounts of annual outflow: the uniformly
distributed dataset (CHIRPS 1) simulates more outflow
than the hourly distributed dataset (CHIRPS 2). The
uniform distribution of the precipitation particularly
impacts the winter and premonsoon discharges due to
an excess of ice melt.

The TRMM and CHIRPS 2 datasets give almost the
same amount of annual outflow, but different seasonal
discharges and contributions to the outflow. Figure 4
shows that TRMM overestimates precipitation during
the monsoon season as well as snowfalls during pre-
monsoon. Figure 9 demonstrates that the outflow in this
case is mainly controlled by snowmelt during pre-
monsoon, while the melting of ice only begins in June. In
postmonsoon and winter the contribution of snow and
ice melt remains small.

(iii) Subdaily variations of the flow components

Figure 10 shows the diurnal variations of the pro-
duction of ice melt, snowmelt, net rainfall and total
outflow for each precipitation dataset. Except for
monsoon net rainfall, the total runoff is produced by
snowmelt and ice melt during day time. For all data-
sets, the diurnal variations of the outflow is not ac-
curately simulated with a systematic overestimation
of the midday peak. Particularly during the monsoon
season, the model fails to simulate the observed di-
urnal peak occurring in the evening (between 2100
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seasons.

and 0000 LT). This evening peak is related to the
diurnal cycle of the monsoon precipitation with a
maximum in the late afternoon/evening as well as by
the lag time due to the transfer through the catch-
ment to the outlet after the melting occurring in the
middle of the day. Reasons for the mismatch between
simulated and observed diurnal outflow are discussed
in Mimeau et al. (2018).

The comparison between the subdaily variations of
the outflow and flow components simulated with the six
precipitation datasets show that a poor representation of
the diurnal precipitation cycle amplifies the error on the
simulated outflow. For instance, outside the monsoon
season, the runoff production simulated with the Pluvio
dataset is completely different from the results obtained
with the other datasets. The wrongly attributed peak of
rainfall at noon on the Pluvio dataset leads to a maxi-
mum in the rainfall contribution, which is not simu-
lated with the other datasets. The lack of measured solid
precipitation also leads to large amounts of ice melt in
the middle of the day when the temperature is maximal.
The excess of ice melt then leads to higher peaks of
simulated discharge. The same phenomenon is observed
with the two CHIRPS datasets: the uniform distribution
of the daily precipitation in CHIRPS 1 impacts the

diurnal production of runoff with smaller amounts of
snowmelt and higher amounts of ice melt.

d. Impact of the altitudinal gradients on the modeled
water balance components

Table 6 presents the simulated glaciers mass balances
and annual outflow simulated with the different sets of
lapse rates. The temperature and precipitation lapse rates
directly impact the snow accumulation on glaciers. In a
catchment with 4000m of altitude difference, even low
values of precipitation gradients can lead to significant
differences in the precipitation at high altitude. The
hourly lapse rates lead to higher glacier accumulations
than the other gradients because they are mainly positive
in winter and produce more snowfall at high altitude.

The lapse rates indirectly impact the glacier mass
balances and the ice melt production. The simulated
mass balances range from —1.03m w.e. yr ! with the
hourly lapse rates to —1.46m w.e. yr_ ' with the annual
gradient. The mean annual outflows simulated with the
daily, monthly, and annual lapse rates are higher than
the annual outflow simulated with the hourly lapse rates
due to the larger amounts of ice melt.

This shows that the applied spatial distribution also
has an impact on the hydrological modeling and the
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TABLE 6. Mean annual glacier mass balances, outflows, and flow components simulated with different temperature and precipitation
lapse rates for the period 2012-15. Definitions are as follows: LR is lapse rate, H is hourly, D is daily, M is monthly, A is annual, B is
benchmark, P is precipitation, MB is mass balance, Acc is accumulation, Abl is ablation, Q is outflow, RF is net rainfall, SM is snowmelt,

and IM is ice melt.

Glacier mass balance Discharges Flow components
LR P (mm) MB (m) Acc. (m)  Abl (m) Q (mm) Bias(%) KGE RF (mm) SM (mm) IM (mm)
H 645 -1.03 0.573 —1.603 921 -3% 0.88 113 (12%) 348 (38%) 460 (50%)
D 600 -1.35 0.514 —1.864 1018 7% 0.81 106 (10%)  335(33%) 577 (57%)
M 575 —1.43 0.477 —1.907 1027 8% 0.8 99 (10%)  333(32%) 595 (58%)
A 588 —1.46 0.487 —1.947 1054 11% 0.77 107 (10%) 332 (32%) 615 (58%)
B 597 -1.1 0.516 —1.616 907 —4% 0.81 91 (10%) 347 (38%) 468 (52%)

estimation of the flow components. The uncertainty re-
lated to the lapse rates is lower than the uncertainty
related to the precipitation dataset since the ice melt
contribution ranges from 50% to 58% for the different
temperature and precipitation lapse rates. For a small
high-elevated catchment, the results show that hourly
lapse rates are more suitable since the annual lapse rate
leads to an underestimation of the winter precipitation.

5. Conclusions and perspectives

In this study we compare the spatial distribution and
temporal variability of several precipitation datasets
for a small high-elevated catchment and evaluated the
impact of the precipitation uncertainty on the glacio-
hydrological modeling.

The precipitation datasets show a large variability
particularly in terms of annual amount, seasonal and
subdaily variability. First, the comparison between
two in situ precipitation datasets measured with differ-
ent types of rain gauges showed that classical tipping
buckets are not able to produce reliable precipita-
tion data during postmonsoon and winter seasons.
The classical tipping buckets strongly underestimate the
solid precipitation and do not represent correctly the
diurnal distribution of the precipitation. Geonor rain
gauges seem to measure more realistic winter precipi-
tation. However, the spatial interpolation of the in situ
measurements leads to additional uncertainties: the
mean annual catchment precipitation ranges from 575 to
645mmyr ! when using different sets of temperature
and precipitation altitudinal gradients. Other precipi-
tation datasets used in this study (TRMM, CHIRPS,
and HAR) showed a large variability in annual amounts,
as well as seasonal and subdaily distributions. The mean
annual precipitation estimated on the Pheriche catch-
ment with these gridded precipitation datasets ranges
from 410 to 1190mmyr !, and the fraction of annual
precipitation occurring during the monsoon season
ranges from 53 % with the HAR dataset to 84 % with the

Pluvio dataset. These datasets show different spatial
distribution of the annual precipitation with a south—
north gradient for the CHIRPS dataset and a west—east
gradient for the HAR dataset. The comparison between
the precipitation datasets also showed that the subdaily
distribution of the precipitation has a significant impact
on the rainfall and snowfall distribution.

The simulations using the glacio-hydrological model
DHSVM-GDM demonstrate that the choice of a given
precipitation dataset has a very strong impact on the
simulated annual outflow as well as the flow components.
The annual outflow simulated with the different datasets
range from 1035 to 1456 mm for the glaciological year
2012-13 and the ice melt contribution to the outflow
range from 28% to 76%. The datasets, which underes-
timate the annual precipitation (HAR and classical tipping
buckets), give higher estimations of the ice melt com-
ponent. Different precipitation datasets can lead to well
simulated discharges, but also to very different estima-
tions of the ice and snowmelt contributions to the out-
flow (e.g., Geonor and HAR). On the opposite, similar
precipitation datasets can lead to very different simulated
discharges and contributions to the outflow (e.g., CHIRPS 1
and CHIRPS 2). This means that in a high-altitude region
with high precipitation uncertainties the use of a given
dataset can lead to large errors on the estimation of the
ice and snowmelt contributions to the outflow, even if
the discharge is correctly simulated.

The diurnal cycle of the precipitation greatly im-
pacts the simulated snow cover and glacier accumulation
and, thus, indirectly influence the simulation of ice and
snowmelt. This highlights the importance of consid-
ering hourly time steps to accurately simulate the
glacio-hydrological processes. As a result it is impor-
tant to evaluate the performance of the precipitation
datasets at a subdaily time scale.

The choice of the temperature and precipitation gra-
dients to interpolate in situ precipitation measurements
leads to an uncertainty of 15% on the simulated annual
outflow and an uncertainty around 8% on the ice melt
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components. This study shows that, for a small high
elevated catchment, the Geonor precipitation data in-
terpolated with an hourly precipitation gradient leads to
best results in terms of annual and seasonal outflow as
well as a good representation of the snow cover area and
glacier mass balance.

The spatial resolution of the TRMM and HAR
datasets is not adapted for small catchments since it is
too coarse for the study area and the precipitation
may not be representative for the basin. It would
be interesting to reproduce this study over a larger
catchment (Dudh Koshi basin) in order to evaluate
the uncertainty related to the precipitation dataset
at a larger scale. Moreover, instead of using a gridded
precipitation datasets, the glacio-hydrological model
could be forces by the output of a high-resolution
climate model. High-resolution climate models enable
simulating precipitation fluxes at small spatial resolution
and have a better representation of the spatial distri-
bution of the precipitation at local scale (Ménégoz et al.
2013). Collier and Immerzeel (2015) and Karki et al.
(2017) both used the Weather Research and Forecasting
(WRF) Model at a 1-km resolution to simulate the at-
mospheric circulation on Himalayan catchments. They
found that running the WRF Model at high resolution
with an explicit simulation of the convection improves
the simulation of precipitation, in particular at high el-
evation. It also enables a better representation of the
spatial pattern, magnitude, and the seasonal and diurnal
cycle of the precipitation. Moreover, Li et al. (2017)
used precipitation data generated at 300-m spatial res-
olution with WRF for hydrological simulations of an
800-km?> basin in the Himalayas. These studies show
encouraging results and using WRF simulations at a
kilometer or subkilometer scale shows good potential to
generate forcing data for glacio-hydrological models in a
small and high-elevated catchment such as the Pheriche
catchment and, thus, reduces the uncertainty of the
precipitation forcing data.
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