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Abstract: The water budget and energy exchange over the Tibetan Plateau (TP) region play an
important role on the Asian monsoon. However, it is not well presented in the current land surface
models (LSMs). In this study, uncertainties in the Noah with multiparameterization (Noah-MP)
LSM are assessed through physics ensemble simulations in three sparsely vegetated sites located
in the central TP. The impact of soil organic matter on energy flux and water cycles, along with the
influence of uncertainties in precipitation are explored using observations at those sites during the
third Tibetan Plateau Experiment from 1August2014 to31July2015. The greatest uncertainties are
in the subprocesses of the canopy resistance, soil moisture limiting factors for evaporation, runoff

(RNF) and ground water, and surface-layer parameterization. These uncertain subprocesses do not
change across the different precipitation datasets. More precipitation can increase the annual total
net radiation (Rn), latent heat flux (LH) and RNF, but decrease sensible heat flux (SH). Soil organic
matter enlarges the annual total LH by ~26% but lessens the annual total Rn, SH, and RNF by ~7%,
7%, and 39%, respectively. Its effect on the LH and RNF at the Nagqu site, which has a sand soil
texture type, is greater than that at the other two sites with sandy loam. This study highlights
the importance of precipitation uncertainties and the effect of soil organic matter on the Noah-MP
land-model simulations. It provides a guidance to improve the Noah-MP LSM further and hence the
land-atmosphere interactions simulated by weather and climate models over the TP region.

Keywords: uncertainty analysis; Tibetan Plateau; sparsely vegetated site

1. Introduction

This study is a follow-up on our previous work [1] investigating uncertainties in the Noah with
multiparameterization (Noah-MP) land surface model (LSM)simulation for a single cropland site at the
southeastern edge of the Tibetan Plateau (TP). Here, we extend the modeling and analytical framework
of Zhang et al. [1] to three sparsely vegetated sites in the central TP because multiple-site, year-long
surface-flux observation data from the third TP experiment that recently became available [2]. These
data allow for this type of investigation to be conducted in the data-scarce TP region.

Different parameterization schemes are employed in LSMs to represent subprocesses such as
evaporation (LE), runoff (RNF), and canopy resistance. However, there are great simulation uncertainties
when using different schemes for the same subprocess [1,3–5]. Model uncertainty evaluation plays a
very important role in LSM development. Zhang et al. [1] systematically assessed the uncertainties in
the Noah-MP simulations for a cropland site and identified the crucial subprocesses contributing to
uncertainties for that site. The climate regime and land cover types in the southeastern edge of the
TP are different from those in the central TP, where alpine grassland is the dominant land cover type.
Thus, it is necessary to investigate the uncertainties of Noah-MP for these sparsely vegetated sites.
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The complex land–atmosphere interaction in the TP not only plays a key role in the surface energy
and hydrological processes in the TP but also affects the weather and climate in China, East Asia, and
even the entire Northern Hemisphere [6–8]. Moreover, the plateau ecosystem is very vulnerable and
sensitive to climate changes because of its high elevation [9]. The TP is characterized by strong solar
radiation and relatively low temperature, which provides an opportunity to study water budget and
energy exchange of alpine grassland in the unique environment. However, the water budget and energy
exchange in the TP are not well presented in the current LSMs [10–12], including underestimation of
the soil liquid water (SLW) and substantial errors in sensible heat flux (SH) and energy partition in the
winter time [11], and the uncertainty in simulated turbulence fluxes resulted from the uncertainty in
the near-surface forcing data [1,13].

The partitioning of precipitation into evapotranspiration (ET) and RNF at the land surface
is controlled by the atmospheric boundary layer and terrestrial hydrological processes [14].
The factors affecting heat flux variability include variability in atmospheric forcings and land
surface characteristics [15]. The near-surface forcing data and soil initial states significantly affect
the performance of LSMs [1,16–18]. There are great discrepancies in precipitation among different
datasets [1,19], which exert a greater impact on the general performance of the Noah-MP ensemble
simulations than the other LSM parameters, such as leaf area index (LAI) [1]. ET provides water vapor
from the land surface to the atmosphere and affects the stability of the planetary boundary layers and
precipitation initiation [3,20]. Therefore, it is important to investigate the distribution of precipitation
between the ET and RNF in LSMs.

Measurements indicate that the topsoil of alpine grasslands in the central TP contains high soil
organic matter [12]. The thermal and hydraulic properties of organic soil differ significantly from
those of mineral soil. With low thermal conductivity and relatively high heat capacity, organic soil
modulates the transfer of energy down into the soil during spring and summer, out of the soil during
fall and winter and usually leads to lower soil temperatures in summer but higher temperatures in
winter [21]. The higher soil organic matter content in the topsoil than in the underlying soil layers
leads to higher soil porosity, lower thermal conductivity and bulk density in the topsoil. Evaluations
of three LSMs on the TP confirm that the soil stratification induced by soil organic matter should be
considered in an LSM to represent its impacts on soil properties and thus on energy and water vapor
exchanges [11,22,23]. The soil organic matter within the topsoil has an important impact on changing
the profile of soil moisture in the center [3]. However, in the default Noah-MP LSM, the soil organic
matter is not yet to be incorporated.

We have assessed the uncertainties in the Noah-MP ensemble simulations of a cropland site in the
southeastern edge of Tibetan Plateau [1]. The goal of this study is to investigate the following aspects:

1. What is the relative contribution of precipitation-forcing uncertainty to the overall uncertainty
range of Noah-MP simulations?

2. What are the most sensitive physical parameterization for different sites in the alpine region?
3. How do the precipitation uncertainty and soil organic matter impact the energy flux and runoff?

In this paper, the same modeling and analytical method as Zhang et al. [1] is employed to identify
the subprocesses in which there are great uncertainties and the optimal parameterization schemes for
sparsely vegetated sites in the Noah-MP LSM. The soil organic matter is incorporated into the Noah-MP
LSM, and its impact on the hydrological cycles and the uncertainties in precipitation are investigated
based on optimal scheme selection. The subprocesses selected for uncertainty assessments are the
same as those in the study of Zhang et al. [1], including canopy stomatal resistance (CRS), associated
soil moisture limiting factor (BTR), runoff and groundwater (RUN), surface exchange coefficient (SFC),
frozen soil permeability (INF), supercooled liquid water in frozen soil (FRZ), snow surface albedo
(ALB), and the lower boundary of soil temperature (TBOT). For each subprocess, there are two or three
available parameterization schemes. For more details, readers are referred to Table 1 in Zhang et al. [1].
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Since the land–atmosphere interactions on TP play an important role in the formation of the Asian
monsoon, such a study could provide a guidance for the researchers to improve the Noah-MP LSM and
hence the land–atmosphere interactions simulated by weather and climate models over the TP region.

2. Data and Methods

2.1. Site Description and Measurements

The Amdo (32.24◦ N, 91.62◦ E), Nagqu (31.37◦ N, 91.90◦ E), and Baingoin (31.42◦ N, 90.03◦

E) Ecosystem Research Stations selected in this study are located in the central TP, as presented in
Figure 1. The land cover types are all alpine grassland at these three sites. The canopy height of alpine
grassland is usually 3–4 cm [24]. The precipitation mainly occurs during the monsoon season, which is
July–September. The accumulated precipitation from 1 August 2014 to 31 July 2015 is ~186–735 mm,
as shown in Table 1. There are great uncertainties in precipitation among in situ measurements,
automatic weather station (AWS) hourly observations from the National Meteorological Information
Center of China, and the latest climate reanalysis produced by the European Centre for Medium-Range
Weather Forecasts (i.e., ERA5 by ECMWF) precipitation data. ERA5 was produced using 4D-Var data
assimilation in CY41R2 of ECMWF’s integrated forecast system (IFS), with 137 hybrid sigma/pressure
(model) levels in the vertical, with the top level at 0.01 hPa. ERA5 provides hourly estimates of a large
number of atmospheric, land and oceanic climate variables. The data cover the Earth on a 30km grid
and combines vast amounts of historical observations into global estimates using advanced modelling
and data assimilation systems.The annual precipitation difference can be up to ~216 mm at the Nagqu
site between the AWS data and that from insitu measurements, and ~371 mm at the Amdo site between
ERA5 and AWS precipitation, as shown in Table 1 and Figure 2.

Figure 1. The locations of Ecosystem Research Stations (in situ) and AWS at the Amdo, Nagqu, and
Baingoin sites. (a) site locations over the TP; (b, c, and d) locations of AWS and in situ stations for
Amdo, Nagqu, and Baingoin site respectively.
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Figure 2. The accumulated precipitation (mm) from different datasets from 1 August 2014 to 1 August
2015 at the (a) Amdo site, (b) Nagqu site, and (c) Baingoin site. (AWS: precipitation from auto weather
station; in situ: precipitation from in situ measurements; ERA5: precipitation from ECMWF reanalysis
dataset ERA5).

Table 1. The annual total precipitation in different datasets and the difference between different datasets
(unit: mm).

Site In Situ AWS ERA5 AWS Minus In Situ ERA5 Minus AWS

Amdo 258.72 347.65 717.99 88.93 370.74
Nagqu 261.84 477.55 734.82 215.71 257.27

Baingoin 185.70 258.45 560.42 72.75 301.97

The in situ measurements during the third TP Experiment (TIPEX III) are taken from 1 August 2014
to 31 July 2015, including surface meteorological data measured by the automatic micrometeorological
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observing system and flux data measured by the open path eddy covariance system. All the sites
used a unified sonic anemometer (CSAT3, Campbell Scientific Inc. Logan, UT, USA) and CO2/H2O
open-path gas analyzer (LI-7500, Licor, Lincoln, NE, USA). The gradient meteorological measurement
details and soil data sampling characteristics are shown in Table 2. Please refer to Wang et al. [24] for
more details. Horizontal wind speed (Ws), air temperature (Ta), and relative humidity (Rh) measured
at a height of 1.5 m at the Amdo site and Nagqu site and those at a height of 2 m at the Baingoin site
are used in this study. The 0–1 m total soil moisture is calculated by the soil moisture at relative depth
multiplying the corresponding soil depth.

Table 2. Geographical conditions and measurements at the four sites used in this study.

Site Elevation
(m)

Land Cover
Type

Mounted Height (m)
of Automatic

Micrometeorological
Observing System

Gradient
Observation

Height (m) of
Ws, Wd, Ta, Rh

Depth (cm) of Soil
Temperature and

Soil Moisture

Amdo 4695 alpine
grassland 2.98 1.5, 3, 6, 12 5, 10, 20, 40, 80, 160

Nagqu 4509 alpine
grassland 3.02 0.75, 1.5, 3, 6,

12, 22 5, 10, 20, 40, 80, 160

Baingoin 4700 alpine
grassland 2.1 2, 4, 10 5, 10, 20, 40, 100

2.2. Numerical Experiments

Hourly in situ measurements of Ta, mixing ratio, Ws, surface pressure (Ps), downward shortwave
radiation and longwave radiation from 1 August 2014 to 31 July 2015 are used to drive the Noah-MP
LSM (version 3.6) in a single column offline mode. Hourly data from the China Meteorological
Administration Land Data Assimilation System version 2.0 (CLDAS) developed by the National
Meteorological Information Center of China are extracted to fill the gaps in the insitu measurements
at the corresponding times. The CLDAS data in 2013 are used repeatedly throughout the year
(from 1 August 2013) to spin up the Noah-MP LSM to ensure the equilibrium soil state [25,26].

There are great uncertainties in the annual accumulated precipitation among the in situ
measurements, the AWS dataset, and ERA5 dataset, as shown in Figure 2. The annual total precipitation
in the three datasets increases in the order of in situ < AWS < ERA5 for the three alpine grassland sites.
Displayed in Table 1, the in situ annual total precipitation is 258.72 mm, 261.84 mm, and 185.70 mm at
the Amdo, Nagqu, and Baingoin sites, respectively. The AWS annual total precipitation at the Amdo,
Nagqu, and Baingoin sites is larger than insitu precipitation by ~34%, 82%, and 39%, respectively.
Table 1 also displays that the ERA5 annual total precipitation at the three sites is larger than in
situ precipitation by ~178%, 181%, and 202%, and lager than AWS precipitation by ~107%, 54%,
and 162%, respectively.

The monthly amount of AWS precipitation is usually larger than that of the in situ precipitation
except for a few months during winter, as shown in Figure 3. ERA5 monthly precipitation is larger than
that of AWS precipitation. Most of the precipitation occurs from June to September and especially in
August. The monthly total precipitation from the AWS at the Nagqu site in August is up to ~189 mm,
which is ~40% of the total annual precipitation.
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Figure 3. Comparison of monthly total precipitation and the difference between different datasets at
the (a,b) Amdo site, (c,d) Nagqu site, and (e,f) Baingoin site (AWS minus insitu: the difference between
AWS and in situ precipitation; ERA5 minus AWS: the difference between ERA5 and AWS precipitation).

The land cover types are set to grassland at the three sites in Noah-MP LSM. The MODIS
(MOD15A2) 8-day composite LAI data at a 1 km resolution (Oak Ridge National Laboratory Distributed
Active Archive Center, Oak Ridge, Tennessee, USA [27]) are used to replace the default LAI for grassland
in Noah-MP LSM in this study, as shown in Figure 4.

Figure 4. Comparison between default LAI for grassland in Noah-MP LSM and MODIS LAI at three
sites from 1 August 2014 to 1 August 2015.
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In the Noah-MP LSM, only the thermal and hydraulic properties of mineral soil are considered.
When the soil organic matter is incorporated into the Noah-MP LSM, the bulk thermal and hydraulic
properties are computed as averages of the properties of mineral soil and organic matter by the
weight of organic matter fraction (fsoc) [28]. For instance, the bulk saturated hydraulic conductivity
dksat= dksat,min × (1 − fsoc) + dksat,soc × fsoc, where dksat,min and dksat,soc are the saturated hydraulic
conductivity of mineral soil and organic soil, respectively.The thermal and hydraulic parameters for
organic soil are set following Lawrence and Slater [28], including soil thermal conductivity, soil heat
capacity, the Clapp and Hornberger parameter, porosity, etc.

The volumetric content of soil organic matter at different sites is shown in Table 3. The volumetric
content of soil organic matter at the Amdo and Nagqu sites from Chen et al. [12] are consistent with
the extracted values from the dataset of Shangguan et al. [29]. The difference is ~ 0.01% (not shown).
The first choice for the ensemble simulations is using soil texture and the volumetric content of soil
organic matter from site observations in Chen et al. [13], and the dataset from Shangguan et al. [29] is
used when there are no observation data at that site (for instance, the Baingoin site). As such, the soil
texture types are sandy loam, sand, and sandy loam at the Amdo site, Nagqu site, and Baingoin
site, respectively.

Table 3. Volumetric measurements of soil organic matter at different depths.

Depth
Soil Organic Fraction

Reference
Amdo Nagqu

0–10cm 27.67% 21.44%

[12]10–20cm 16.27% 14.51%
20–30cm 12.80% 12.08%
30–40cm 5.47% 16.05%

Depth Baingoin Reference

0–4.5cm 16.59%

[29]

4.5–9.1cm 17.68%
9.1–16.6cm 17.10%
16.6–28.9cm 14.43%
28.9–49.3cm 8.35%
49.3–82.9cm 4.85%

Three ensemble simulation sets Ens1, Ens2, and Ens3 (1152 members with the schemes combined
freely) with three different precipitation datasets (in situ, AWS, and ERA5) are designed to identify
subprocesses with the largest uncertainties at different conditions and extract the optimal schemes for
these subprocesses. The sensitivity tests are designed based on a set of optimal schemes with different
precipitation datasets and soil organic matter to examine the effects of uncertainties in the forcing data
and the soil organic matter on model simulations. A summary of these tests is shown in Table 4.

Table 4. Summary of experiments.

Experiment Name Experiment Description Members

Ens1 In situ measurements from August 2014 to August 2015 are used as
forcing data. Leaf area index is assigned based MODIS composite data. 1152

Ens2 Same as Ens1, but with AWS precipitation data 1152
Ens3 Same as Ens1, but with ERA5 precipitation data 1152
CTL Optimal from Ens1 1

CTLAP Same as CTL, but with AWS precipitation data 1
CTLEP Same as CTL, but with ERA5 precipitation data 1
SOM Same as CTL, but with soil organic matter incorporated 1

SOMAP Same as SOM, but with AWS precipitation data 1
SOMEP Same as SOM, but with ERA5 precipitation data 1
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3. Results

3.1. Uncertainty Analysis of Noah-MP for TP Sparsely Vegetated Sites

The root-mean-squared-error (RMSE), bias, and index of agreement (IOA) for SH and latent heat
flux (LH) of each member in Ens1–Ens3 is computed. The distribution of the maximum, minimum,
5% percentile, 95% percentile and median values of these statistics in Ens1-Ens3are shown in Figure 5.
The RMSEs in each ensemble experiment disperse widely for SH and LH. The span of RMSEs at
the Nagqu site is up to ~105 Wm−2 for SH in Ens1 as displayed in Figure 5a, and ~41 Wm−2 for LH
in Ens2as shown in Figure 5b. For the different precipitation datasets, there are great discrepancies
between the median values of RMSEs for SH and LH at the three sites. However, the RMSEs uncertainty
has little change across Ens1–Ens3 for each site, except that the dispersion of the RMSEs in Ens3 at the
Amdo site becomes narrower. The dispersion of RMSEs for both SH and LH is smallest at the Amdo
site in Ens3. Generally, the RMSE decreases in the order of Ens1>Ens2>Ens3as shown in Figure 5a,b,
except that the RMSEs for SH in Ens2 at the Amdo site shown in Figure 5a, and the RMSEs for LH
in Ens3 at the Baingoin site shown in Figure 5b are the largest. The RMSEs of SH at the Amdo site,
and that of LH at the Baingoin site are the smallest compared to those of the other sites. The trend of
biases is following that of RMSEs, but the dispersion of biases for LH is smaller, as shown in Figure 5c,d.
In general, SH are overestimated but LH are underestimated in Noah-MP at the three sites. AWS and
ERA5 precipitation could decrease these errors but not the dispersion. The IOA values for LH are
larger than those of SH at the Amdo site and Baingoin site, but smaller at the Nagqu site, as displayed
in Figure 5e, f. In general, the IOA values increase in the order of Ens1 < Ens2 < Ens3, except the IOA
for SH in Ens2 at the Amdo site which is the smallest compared to those in Ens1 and Ens3. Since the
closer value of IOA to 1, the better the simulations, the increase of IOA in Ens1–Ens3 indicates that
more precipitation usually improves the model simulations—especially the LH simulations, as shown
in Figure 5f.In general, more precipitation amount could decrease RMSEs and biases and improve the
IOA, but not the dispersion (i.e., the uncertainties).

The natural selection approach used in our previous work is employed in this study [1]. The RMSEs
are sorted in ascending order and the members below the 5th percentile (“best members”) and above
the 95th percentile (“worst members”) are chosen for Ens1–Ens3. The times of a given scheme for
each subprocess (i.e., the selected frequency) occurring in the best members and worst members
are summed.

The selected frequencies of each scheme in “best members” and “worst members” for SH and LH
at different sites with in situ precipitation in Ens1 are shown in Figure 6. At all three alpine grassland
sites, there are significant differences in the selected frequency of schemes for subprocesses of CRS,
BTR, RUN and SFC for SH and LH as shown in Figure 6, indicating great uncertainties in schemes for
these four subprocesses. The selected frequencies of INF for SH are also presented uncertainties at
some degree. There are no great differences between the frequencies of the available schemes for FRZ,
RAD, ALB, and TBOT, indicating that the different schemes could not lead to distinctly different model
behavior. From Figures 7 and 8, the main uncertainties of selected frequencies for different schemes
occurred in the subprocess of CRS, BTR, RUN and SFC. This indicates that the different precipitation
datasets do not change the uncertainties of the subprocesses, consistent with the above analysis shown
in Figure 5 to some degree.
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Figure 5. The minimum, median, maximum, 5%, and 95% percentile values of RMSE, bias, and IOA
for SH ((a), (c), and (e)) and LH ((b), (d), and (f)) respectively in Ens1–Ens3 (red: Ens1; blue: Ens2;
green: Ens3).
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Figure 6. The selected frequency of different schemes of each subprocess for (left panel) SH and
(right panel) LH in the best members (0–1) or worst members (−1–0) at the (a,b) Amdo, (c,d) Nagqu,
and (e,f) Baingoin sites in ensemble experiment Ens1 when the in situ precipitation is used.
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Figure 7. The selected frequency of different schemes of each subprocess for (left panel) SH and
(right panel) LH in the best members (0–1) or worst members (−1–0) at the (a,b) Amdo, (c,d) Nagqu,
and (e,f) Baingoin sites in ensemble experiment Ens2 when the AWS precipitation is used.
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Figure 8. The selected frequency of different schemes of each subprocess for (left panel) SH and
(right panel) LH in the best members (0–1) or worst members (−1–0) at the (a,b) Amdo, (c,d) Nagqu,
and (e,f) Baingoin sites in ensemble experiment Ens3 when the ERA5 precipitation is used.

3.2. Noah-MP Optimal Parameterization Schemes and Simulations for TP Sparsely Vegetated Sites

Since there are no big differences between the selected frequencies in the schemes for the
subprocesses FRZ, RAD, ALB, and TBOT, here we only analyze the subprocesses with great uncertainties,
i.e., CRS, BTR, RUN, SFC, and INF:

CRS (1) (the Ball-Berry scheme) considers photosynthesis rates, but CRS (2) (the Jarvis scheme)
is simpler and considers the meteorological variables. Generally, CRS (2) performs better than CRS
(1) for SH and LH simulations at the three alpine grassland sites regardless of the precipitation data,
except CRS (1) is better at the Baingoin site for the LH simulation in Ens3 with in ERA5 precipitation,
as shown in Figure 8f.

BTR is generally crucial during the dry-down period [30].BTR (1) uses the Noah-type soil moisture
threshold [31,32], and BTR (2) uses the CLM-typematric potential [33]to define when the transpiration
ceases. BTR (1) is better for the SH simulation at the Nagqu site and Baingoin site (Figure 6c,e)and
the LH simulation at the Nagqu site (Figure 6f) when the in situ precipitation is used. However,
BTR (2) performs better than BTR (1) when the annual precipitation amount is larger in AWS dataset,
which is consistent with the report of Gayler et al. [34]. However, the uncertainties between the two
schemes for BTR at the Amdo site and Baingoin site when using the ERA5 precipitation are not
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significant as those at other conditions, and BTR (1) presents slightly larger chances in the selected
frequencies. The effect of different soil moisture factors depends on the relative contribution of direct
soil evaporation, canopy interception evaporation, and plant transpiration [1]. The optimal schemes
vary with different precipitation data, which is likely a result of transpiration becoming more sensitive
to soil moisture changes at the Nagqu site in Ens1 because there is much less in situ precipitation than
the AWS and ERA5 precipitation.

The subprocess of RUN shows great uncertainties among different schemes at these three dry
climate sites due to its dominant role in controlling soil moisture and ET [35–37]. Among the three
schemes, RUN (1) produces has the largest chance producing the better simulations with in situ
precipitation, as shown in Figure 6. However, using the AWS and ERA5precipitation reduces the
uncertainties among different schemes for RUN, as displayed in Figures 7 and 8. The drained water
in RUN (1) could accumulate in its underlying aquifer during the wet seasons and then recharge the
2m soil column by capillary forces in the dry seasons [2], while RUN (3) does not have this recharge
capability. It is reasonable to expect that RUN (1) will perform better under dry climate conditions.
However, when the precipitation is sufficient for water consumption, the impact of the aquifers
is reduced.

Generally, SFC (2) is superior to SFC (1) for SH and LH with in situ precipitation (although not
for LE at the Nagqu site shown in Figure 6d). This is true when using different precipitation datasets
(except for LH at the Baingoin site with ERA5 precipitation) and consistent with the reports of Zhang
et al. and Hong et al.[1,38].

The subprocess INF is only crucial for SH. With the in situ precipitation, INF (1) performs better
than INF (2) at the Amdo site, but INF (2) performs better at the other two sites. When using the AWS
and ERA5 precipitation, INF (1) becomes better, as shown in Figure 7a, Figure 8a,c. INF (1) uses the
total soil moisture to compute the hydraulic properties of the soil, assuming that the soil ice has a
linear (weaker) effect on infiltration, but INF (2) uses only the SLW volume to compute the hydraulic
properties, assuming that the soil ice has a nonlinear (greater) effect on soil permeability. Therefore,
the effects of these two different schemes depend on the precipitation input to the soil and the amount
of soil ice.

Based on the analyses above, the optimal schemes are selected for subprocesses including CRS,
BTR, RUN, SFC, and INF mainly based on the results from the natural selection in Ens1, Ens2 and
Ens3, as shown in Figures 6–8. An optimal scheme would perform better with all three precipitation
conditions. When two schemes out of three behave similarly, we exclude the one that behaves the
worst in one condition. For instance, RUN (1) and RUN (3) behave similarly in most conditions but
RUN (3) has the largest chance of producing the worse simulation in Figure 6c,d, and Figure 8f; then,
RUN (1) is chosen. As such, the optimal schemes for CRS, BTR, RUN, and SFC are CRS (2), BTR (2),
RUN (1), and SFC (2), respectively. It is hard to decide which scheme is better for INF. INF (1) is chosen
majorly based on the selected frequencies for best and worst members in Ens3. Therefore, the optimal
scheme set in this study is generally consistent with the results from the proposed optimal schemes at
a crop site [1]. The only difference is that BTR (2) is chosen here, but BTR (1) was chosen in the study of
Zhang et al. [1].

Using the above optimal Noah-MP schemes, further analyses are conducted to evaluate the impact
of precipitation. In Figures 9–13, all the energy flux terms are converted to water equivalent (mm) by
using the formulation from Stull [39]. For instance, LH (mms−1) = LE (Wm−2)/Lv, where Lv (J kg−1)
= (2.501−0.00237 × Ta) × 106 (Ta is air temperature in Celsius). These converted water-equivalent
quantities from energy flux only provide a rough estimate for the hydrology comparisons and the
energy terms for daytime observations (10 a.m. to 15p.m. for local time) are used.

The experiment CTL, which is the Noah-MP with the optimal scheme set using in situ precipitation,
generally produces the pattern of Rn shown in Figure 9. However, it overestimates monthly Rn almost
every month at the Amdo site, leading to the overestimation of the annual total Rn by ~23% at the
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Amdo site as shown in Figure 10. The Rn simulations at the Nagqu site and Baingoin site agree well
with the observations.

Figure 9. Comparison between the observed (OBS) and simulated hydrological cycles for the selected
optimal scheme combinations in CTL at the (a) Amdo site, (b) Nagqu site, and (c) Baingoin site.
Subfigures from top to bottom show the monthly total net radiation (Rn), monthly total sensible heat
flux (SH), monthly total evaporation (LH), monthly total runoff (RNF), and monthly averaged 0–1 m
total soil liquid water (SLW).

The CTL experiment overestimates SH from June to September at the Amdo site, but the
overestimation occurs two months earlier at the Nagqu site (second row of Figure 9), and the SH
at the Baingoin site is overestimated during the whole year. The annual total SH produced by the
CTL experiment at the Amdo sites is slightly overestimated. However, Figure 10 shows that CTL
overestimates the accumulated SH by ~44% and ~66% at the Nagqu and Baingoin sites, respectively.
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Figure 10. Comparison between the observed (OBS) and simulated hydrological cycles for the selected
optimal scheme combinations in CTL at the (a) Amdo site, (b) Nagqu site, and (c) Baingoin site.
Subfigures from top to bottom show the accumulated net radiation (Rn), accumulated sensible heat
flux (SH), accumulated evaporation (LH), accumulated runoff (RNF), and accumulated 0–1 m total soil
liquid water (SLW).

In general, LH is underestimated at these three sites, especially at the Nagqu site, as shown in
Figure 9. Figure 10 shows that the annual total LE is underestimated by ~36%, 51%, and 14% at the
Amdo, Nagqu, and Baingoin sites, respectively.

The monthly total RNF is small at these three sites, as shown in Figure 9. The accumulated RNF
ranged from ~25 mm to ~48 mm in the CTL experiment, as displayed in Figure 10. The ratios of
annual total RNF to the annual precipitation in CTL are ~11%, 18%, and 14% at the Amdo, Nagqu,
and Baingoin sites, respectively.

The experiment CTL underestimates the 0–1-m total SLW at the Nagqu site for the whole year.
However, the SLW is significantly overestimated at the Amdo and Baingoin sites during the whole
year as displayed in Figures 9 and 10.



Atmosphere 2020, 11, 458 16 of 24

3.3. Impact of Precipitation Uncertainty on theSurface Hydrologic Cycle Simulated with Optimized Noah-MP

Further analyses are conducted to evaluate the impact of precipitation. Note that we examine
the simulation difference between CTLAP and CTL, CTLEP and CTLAP, SOMAP and SOM, SOMEP
and SOMAP by increasing the precipitation gradually, in which we assume the difference only caused
by the precipitation difference. For instance, through the comparison of CTLAP and CTL (red lines),
the simulation difference caused by the difference between AWS and in situ precipitation are explored,
and through the comparison of CTLEP and CTLAP (green lines), the simulation difference caused
by the difference of ERA5 and AWS precipitation are explored. Through the comparisons of SOMAP
and SOM (blue lines), SOMEP and SOMAP (purple lines), the effects of precipitation differences are
examined with the soil organic matter incorporated, as shown in Figure 11.

Figure 11. The monthly differences in simulated hydrological cycles for the selected optimal scheme
combination resulting from different precipitation datasets at the (a) Amdo site, (b) Nagqu site,
and (c) Baingoin site; subfigures from top to bottom show the monthly differences in Rn, SH, LH, RNF,
and 0–1 m total SLW, respectively.
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The precipitation changes directly affect the input to the soil surface. Therefore, the monthly
changes in SLW are similar to those of precipitation, shown in Figure 3b,d and f and last row of
Figure 11. More precipitation in the AWS dataset compared to insitu precipitation keeps the soil moister
in summer at these three alpine steppe sites. AWS precipitation increased the SLW by up to ~35 mm
month−1. The soil organic matter has little impact on the SLW except for at the Nagqu site, where soil
organic matter increases the SLW for most months (by approximately ~60 mm month−1).While the
increase in precipitation between ERA5 and AWS increases the SLW at the Amdo and Baingoin sites
by up to ~120 mm month−1 from April to November, it only increases the SLW by at most ~90 mm
month−1during the period of April–July at the Nagqu site.

The increase in soil moisture leads to the decrease in albedo (not shown), which results in the
increased Rn (although not for the comparison of CTLEP and CTLAP at the Amdo site; the first row of
Figure 11). Note that there is a big drop of Rn in January or February (~10–20 mm month−1) at these
three sites, especially at the Amdo site (the first row of Figure 11). There is a one-month lag at the time
that the drop occurs in the comparisons of CTLEP and CTLAP. At the corresponding time, the albedo
increases sharply and then decreases in the following period because of the snowmelt (not shown).
This is probably due to the snow at the three sites in January in the AWS and ERA5 dataset compared
to little snow in the in situ precipitation datasets used in CTL. Generally, the effect of precipitation on
Rn simulations with the soil organic matter is not changed. The soil organic matter only weakens the
jump of Rn in February at the Amdo site, as shown in Figure 11.

The SH differences between different comparisons track those of Rn difference at the three sites,
except for the opposite pattern of SH which changes for the period from March to July at the Nagqu
site and Baingoin site (the second row of Figure 11). Therefore, more increased available radiation is
distributed to the LH during the growing season, excluding the comparison of CTLEP and CTLAP at
the Nagqu site. More precipitation increases the LH by up to ~35 mm month−1 during the growing
season. The more precipitation has a similar effect on Rn, SH and LH with the soil organic matter
considered, as shown in Figure 11.

At the Nagqu site, compared to the insufficient precipitation in CTL, the relatively small increase
of precipitation in CTLAP results in the increase of LH during the growing season from May to July,
and then it results in mainly an increase in RNF from August to October (red line in the 3rd row of
Figure 11). Under this condition, the incorporation of soil organic matter reduces the partition of
precipitation to the RNF, increases the precipitation partition to the SLW at the Nagqu site (sandy soil)
and has little effect at the Amdo and Baingoin sites (blue line vs. red line in Figure 11). When further
precipitation in ERA5 used in CTLEP is compared to the AWS precipitation in CTLAP, a greater
proportion of precipitation is distributed to the RNF at the Nagqu site, but to the SLW at the Amdo
and Baingoin sites (green and purple lines). Under this condition, the incorporated soil organic matter
decreases the RNF and increase the partition of precipitation to LH (purple line vs. green line).

The RNF increases with precipitation. However, the changes are slight while using in situ and
AWS precipitation, except at the Nagqu site as shown in Figure 11. The infiltration rate of the soil is
related to the saturated hydraulic conductivity (dksat). The dksat of sand (Nagqu site) is one order of
magnitude greater than sandy loam (the other three sites). Therefore, with sufficient precipitation, the
RNF difference between the Nagqu site and other sites becomes larger (the fourth row in Figure 11).

3.4. Impact of Soil Organic Matter on Simulated Surface Hydrologic Cycle

The effects of soil organic matter on monthly Rn changes are generally similar at these three sites,
as shown in Figure 12. These effects cause a decrease of Rn, especially for the period from March to June
(by ~10–20 mm month−1). The more precipitation weakens this trend. For instance, by the comparison
of SOMEP and CTLEP, the Rn decreased by ~5–10 mm month−1. However, the Rn increases sharply in
February in SOM compared to CTL at the Amdo site. The Rn changes are closely correlated with those
of SLW due to the effect of SLW on surface albedo. The reduction in SLW from April to July leads to
the increase in albedo (not shown) and thus a reduction in Rn. Lawrence and Slater [28] found that
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the winter temperature is slightly warmer due to the insulative properties of organic soil because it
does not cool as efficiently as it does during fall and winter. The increased amplitude of monthly soil
temperature at the Amdo site is up to 3–4 K larger than those at the Nagqu site and Baingoin site in
the freezing period. This results in a larger increase in SLW at the corresponding time and a larger
reduction in albedo (not shown). Therefore, there is a sharp jump in Rn difference between SOM and
CTL in February at the Amdo site when the in situ precipitation is used. Soil organic matter increases
the SLW from December to March but decreases it sharply from April to October. The changes in SLW
from August to November at the Nagqu site are different. The reason for this difference is probably
that the hydraulic properties of sand are quite different from those of sandy loam at the other two sites.

Figure 12. The monthly differences in simulated hydrological cycles for selected optimal scheme
combinations resulted from soil organic matter at the (a) Amdo site, (b) Nagqu site, and (c) Baingoin
site; subfigures from top to bottom show the monthly differences in Rn, SH, LH, RNF, and 0–1 m total
SLW, respectively.

The organic soil decreases the SH by ~5–15 mm month−1for most months (the second row of
Figure 12). The changes in SH follow those of Rn well, especially at the Amdo sites. However, the SH



Atmosphere 2020, 11, 458 19 of 24

changes at the Nagqu site and Baingoin site show an opposite pattern to those of the Rn change from
March to July.

Organic soil does not greatly impact LH from November to February at all three sites (3rd row
in Figure 12). The greater SLW accumulation in winter provides more available soil water for LH
in the spring. The increase in LH (~5–10 mm month−1) consumes more soil water, which leads to a
decrease in SLW in the spring (the fifth row of Figure 12). The greater increase in LH in the spring and
the decrease in June or July with in situ and AWS precipitation are consistent with other results [4],
which found that in the transient season, soil organic matter can produce higher LH after thawing
but lower LH in the monsoon season. Lawrence and Slater [28] also found that in the wet season,
soil evaporation (and LH) is generally lower with organic soils. The decrease in soil evaporation can
lead to enhanced soil water accumulation and storage during the wet season, followed by increased
soil evaporation during the dry season. However, when using the ERA5 precipitation, the LH always
increases even in the monsoon season. The reason is probably that the decreased RNF allows more
precipitation in ERA5 available for LH.

Soil organic matter always suppresses the RNF, but the absolute values are small, except for when
using the AWS and ERA5 precipitation at the Nagqu site. When there is enough precipitation at the
Nagqu site, the reduction in RNF is particularly significant (~20–70 mm month−1) (the fourth row of
Figure 12). However, larger portion of increased precipitation resulting from the decrease in RNF is
not distributed to LH but mainly to SLW at the Nagqu site, as shown in Figure 12.

3.5. The Effects ofPrecipitationand Soil Organic Matter on Annual Total Values

The annual total amount of Rn, SH, LH, and RNF (in water equivalent) for the period of1August
2014 to 31 July 2015 from all optimized Noah-MP simulations are summarized in Figure 13 to synthesize
various model sensitivity results. Compared to the control simulation (CTL), larger precipitation
with different degrees (in CTLAP and CTLEP) increases Rn, with the exception of the Nagqu site in
CTLEP. The increase of Rn, which is usually concentrated in wintertime, is larger in CTLAP at the
Amdo site (by ~148 mm) than at the other two grassland sites. This leads to the greater jump in SH in
January at this site in CTLAP (the second row of Figure 11). Consequently, it offsets the decrease in SH
during other periods and results in a modest increase in the annual total SH by ~86 mm at the Amdo
site, as shown in Figure 13. Otherwise, the increased Rn (by ~8–56 mm) roughly translates into the
increase of LH by ~30–101 mm, and is largely compensated by a reduction of SH (~32–111 mm). By the
comparisons between CTLEP vs. CTLAP, the LH decreases from June to August at the Nagqu site
(third row of Figure 11). This results in a slight decrease in the annual total LH in CTLEP (by ~9 mm)
at the Nagqu site, as shown in Figure 13.
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Figure 13. Annual amount of surface energy and runoff (water equivalent unit) for the period 2014–2015
simulated by Noah-MP in all sensitivity tests: (a) net radiation, (b) sensible heat flux, (c) latent heat
flux, and (d) total runoff.

Regarding the water cycle components, larger precipitation results in more RNF only when the
precipitation is enough for the consumption of more LH. At the Amdo site and Baingoin site, the RNF
increases only in CTPEP while using the ERA5 precipitation. At the Nagqu site, more precipitation in
AWS and ERA5 linearly increase the RNF by ~215–450 mm. The ratios of RNF to precipitation are
~10% in CTL and CTLAP, but ~30% in CTPEP at the Amdo site and the Baingoin site. The ratios of RNF
to precipitation at the Nagqu site are ~18%, 55%, and 68% in CTL, CTLAP, and CTLEP, respectively.
This indicates that a larger partition of precipitation is distributed to the RNF at the Nagqu site.
The different distribution ratios of RNF to precipitation indicate the impact of soil texture. The larger
infiltration of sand at the Nagqu site, compared to that of sandy loam at the other two sites, increases
the underground RNF and consequently suppresses the SLW, as shown in Figures 9 and 10.

With the soil organic matter incorporated, the effects of larger precipitation on energy flux and
RNF in comparisons of SOMAP vs. SOM, SOMEP vs. SOM, are similar to those in comparisons of
CTLAP vs. CTL and CTLEP vs. CTL. Compared to SOM, larger precipitation in SOMAP and SOMEP
increases Rn by ~33–105mm, along with the reduction of SH by ~34–131mm and an increase of LH by
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~40–135mm. The larger precipitation increases RNF by ~1–364mm. Organic soil enhances the effects of
precipitation on the energy flux but suppress them on the RNF.

The soil organic matter always reduces the annual total Rn, SH, and RNF, and increases the annual
total LH (comparisons of SOM vs. CTL, SOMAP vs. CTLAP, and SOMEP vs. CTLEP). However,
it does not change the pattern of how the energy flux and RNF change with the increased precipitation,
as shown in Figure 13. The soil organic matter under different precipitation conditions reduces the
Rn by ~26–119 mm, along with a reduction of SH (~5–58 mm) and an increase of LH (~17–97 mm).
The soil organic matter usually suppresses the RNF by ~9–115 mm. At the Amdo site and the Baingoin
site, the ratios of RNF to precipitation are ~6–9% in SOM and SOMAP, but ~20% in SOMEP. At the
Nagqu site, the ratios are ~7%, 31%, 52% in SOM, SOMAP, and SOMEP, respectively. From the ratios,
we can see that the reduction of RNF at the Nagqu site (compared to experiments before soil organic
matter is incorporated) is larger than that at the other two sites. This indicates that the effect of soil
organic matter on the RNF at the Nagqu site is the greatest. The soil infiltration rate is related to the soil
moisture availability, the bulk dksat and the water input to the soil surface. The much larger dksat, min

of sand results in a larger opportunity for available water to be distributed to the RNF in the default
Noah-MP LSM at the Nagqu site, compared to that of the sandy loam at the Amdo site and Baingoin
site. Soil organic matter generates a lower RNF due to the higher water-holding capacity.

4. Discussion

These uncertainty results are consistent with other results [4]. After investigating the impacts
of uncertainties in the parameterization schemes of the Noah-MP LSM at 92 sites covering different
vegetation and soil texture types, the researchers found that the subprocess of SFC, RUN and surface
resistance to evaporation (SRES) have the most significant impacts on the energy fluxes [4]. As only
one scheme for the SRES is available in the Noah-MP v3.6 that is used in this study, the impact of
SRES is not examined. In their study, only three subprocesses are considered to be the most uncertain
because their results should be suitable for all land cover types and climate conditions. Consequently,
the most uncertain subprocesses that are only suitable for one land cover type maybe ignored. When
assessing the structural uncertainty for Noah-MP modeling over 10 hydrologic regions in China, RUN,
SFC and RAD are found to be the most responsive subprocesses for SH and LH [5]. RAD has three
schemes to treat the canopy gap with regard to subgrid vegetation distributions. Over the three sparse
grassland sites, the vegetation height is rather small, and therefore, it has no big difference whether the
solar zenith angle is considered. The uncertainties indifferent schemes for each subprocess in Noah-MP
LSM—which are associated with different land cover types, soil types and climate conditions—need
more investigation in the future.

The optimal scheme results indicate that CRS (2) performs better than CRS (1), which is different
from Gayler et al. [33]. The reason is probably that dynamic vegetation was used in their study [30]
but not in this study. Li et al. [4] found that the interaction between different subprocesses should
be considered when identifying the optimal parameterization schemes. CRS (1) is most likely more
appropriate for dynamic vegetation. SFC (1) accounts for the zero-displacement height (d0), but the
SFC (2) accounts for the difference between the roughness lengths for heat and momentum (z0h and
z0m) [40]. The use of d0 is more suitable for forest regions, but for short-vegetated sites such as the
alpine grassland sites in this study, SFC (2) performs better.

While organic soil results in general improvements to the simulation of surface energy flux
and the uncertainties in precipitation are included, some discrepancies remain between observations
and simulations. The discrepancies may be caused by deficiencies in the Noah-MP structure and
other subprocess parameterizations, such as the surface-layer coefficients, which need to address in
future studies.
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5. Conclusions

Observations from flux towers at three alpine grassland sites (i.e., Amdo, Nagqu, and Baingoin
site) located in central TP from1 August 2014 to 31 July 2015 were used to assess the uncertainties in
parameterization scheme combinations of Noah-MP LSM. By using the natural selection, the great
uncertain subprocesses of Noah-MP LSM impacting the hydrological component simulations were
identified. Based on the identification of subprocesses with great uncertainties and optimal
parameterization schemes at these three sites, sensitivity experiments were conducted to explore the
impact of soil organic matter on energy flux and water cycles, along with the influence of uncertainties
in precipitation. The main findings are summarized as follows:

1. The uncertainty analyses indicated that there are greater uncertainties in the subprocesses of CRS
(canopy resistance), BTR (soil moisture threshold for evaporation), RUN (runoff and groundwater)
and SFC (surface-layer parameterization) at these three sites by using the natural selection method.
The uncertainties in the INF (frozen soil permeability) parameterization scheme are significant for
the simulated SH. A larger precipitation amount could decrease RMSEs and biases and improve
the IOA but not the dispersion (i.e., the uncertainties of subprocesses do not change with the
different datasets).

2. The sensitivity analyses reveal that more precipitation can increase the total annual Rn, LH and
RNF, but decrease the total annual SH. It shows ~2% and 34% averaged increases in Rn and LH
respectively, but an ~11% reduction in SH. Much more precipitation in ERA5 precipitation could
increase the RNF by ~6–9 times.

3. Soil organic matter enlarges the annual total LH by ~26%, but lessens the annual total Rn, SH,
and RNF by ~7%, 7%, and 39%, respectively. Its effect on the LH and RNF at the Nagqu site, which
has a sand soil texture type, is more significant than that at the other two sites with sandy loam.
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