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Abstract. Realistically representing spatial heterogeneity statistical metrics calculated between each coarse resolution
and lateral land surface processes within and between mode&nd the corresponding 0.12Besolution simulations showed
ing units in Earth system models is important because of theisuperior scalability in simulating both peak and mean stream-
implications to surface energy and water exchanges. The traflow for the subbasin based over the grid-based modeling
ditional approach of using regular grids as computationalframework. Scalability advantages are driven by a combi-
units in land surface models may lead to inadequate represemation of improved consistency in runoff generation and the
tation of subgrid heterogeneity and lateral movements of wa+outing processes across spatial resolutions.

ter, energy and carbon fluxes. Here a subbasin-based frame-

work is introduced in the Community Land Model (CLM),

which is the land component of the Community Earth Sys-

tem Model (CESM). Local processes are represented in each Introduction

subbasin on a pseudo-grid matrix with no significant mod-

ifications to the existing CLM modeling structure. Lateral Land surface processes play an important role in the ex-
routing of water within and between subbasins is simulatedchange of energy, moisture, and biogeochemical fluxes in the
with the subbasin version of a recently developed physicallyEarth system. It has been widely recognized that the devel-
based routing model, Model for Scale Adaptive River Trans-oPment of a planetary boundary layer, initiation of shallow
port (MOSART). The framework is implemented in two to- and deep convections, and cloud formation and precipitation
pographically and climatically contrasting regions of the US: are sensitive to spatial heterogeneity of hydrologic state vari-
the Pacific Northwest and the Midwest. The relative mer-ables such as soil water distribution and snow cover (Chen
its of this modeling framework, with greater emphasis on@nd Avissar, 1994; Quinn et al., 1995; Leung and Ghan,
scalability (i.e., ability to perform consistently across spa- 1995, 1998; Pielke, 2001). Hence parameterizations of spa-
tial resolutions) in streamflow simulation compared to the tial heterogeneity in land surface models must account for the
grid-based modeling framework are investigated by perform_lateral redistribution of water that subsequently affects the
ing simulations at 0.125 0.25, 0.5, and F spatial res- simulated water and energy exchange with the atmosphere
olutions. Comparison of the two frameworks at the finest(Liang etal., 1996; Niu et al., 2005; Huang et al., 2008; Li et
spatial resolution showed that a small difference betweerfl-» 2011).

the averaged forcing could lead to a larger difference in The most common practice in land surface modeling
the simulated runoff and streamflow because of nonlineaf© resolve spatial heterogeneity is to divide a study do-

processes. More systematic comparisons conducted using@in into regular latitude—longitude or other quasi-uniform
rectangular grids for computational convenience. However,
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subbasin-based representation, i.e., dividing the study do- L o
main into irregular subbasins, offers distinct advantages over| ! )

the traditional grid-based representation. First, the subbasin-
based representation follows the natural topographic divides
and river network structure that strongly govern hydrolog-

ical processes such as surface runoff and streamflow. Fig-
ure 1 shows an example of the Columbia River basin (CRB)
in the grid- and subbasin-based representations overlaid by
a river network. As highlighted in Fig. 1 by the dashed red | | ,
line, a single grid cell in the grid-based representation very |— e e {soont 1100 O
often crosses over several channel reaches, which leads t| = wes i o e
great difficulties in parameterizing runoff routing (Guo et

al., 2004; Wu et al., 2011, 2012; Wen et al., 2012). Second, ®

a single grid cell in the grid-based representation also of- o
ten encompasses areas from several subbasins, which cha—***" -~
lenges the conceptual basis of runoff schemes such as th
TOPMODEL (Topographic model) formulation in which to-

pographic variations at catchment scale are of primary im-
portance to runoff generation (Beven, 1997; Huang and
Liang, 2006). For example, the key parameter of such runoff
schemes, the topographic index and its statistical distribution_ ﬁ&
(within a spatial unit), essentially measures the accumulated !

10 5 0Kilometers

contributing areas from natural divides to the valley and then — ‘
to th,e channels, but its p.hy3|call meaning 1S F:onfounde('j InFigure 1. (a) The Columbia River basin (CRB) and US Midwest
a grid-based representation. Third, at very high resolution ) elevation, stream network, USGS stations with drainage area
the grid-based approach must be modified to account fogreater than 15000 kfrand Midwest regions(b) subbasin delin-
lateral redistribution of water from neighboring grid cells, eation overlaid with regular grids at 0.12Besolution (highlighted
which becomes important in determining the soil moisturewith red dashed line are example grids containing multiple river
states, but in a subbasin-based approach, such requiremertsannels).
are to some extent relaxed because surface water is not re-
distributed across topographic boundaries of the subbasins.
Last but not least, the subbasin-based representation provides
a bridge that may enhance co-development of the hydrologi@t a resolution of 0.5(Lawrence and Chase, 2007), which is
component in land surface models with contributions fromtoo coarse compared to the average size of subbasins. Lastly,
the land surface modeling and hydrologic science commu-although catchments were used as the fundamental modeling
nities because the latter has mostly focused their theoreticalnits in Koster et al. (2000) and Goteti et al. (2008), the sub-
and modeling advances on catchment or subbasin scales. basin representation has not been systematically compared
There have been a few attempts to implement subbasinwith the grid-based representation to evaluate its potential
based representation in land surface models (Koster et algdvantages in land surface modeling.
2000; Goteti et al., 2008). Koster et al. (2000) was among The significance of scaling and scale interactions in hy-
the first to adopt this approach to improve parameterizationglrologic model predictions has been well documented via
of spatial variability of soil water in land surface and earth numerous field and modeling studies over the last several
system models. Their study focused more on representinglecades (Bloschl and Sivapalan, 1995; Sivapalan and Kalma,
soil moisture; while surface water movements and storages]995; Koren et al., 1999; Schulze, 2000; Kirkby, 2001).
which are closely related to soil moisture, were not discussedHowever, most modeling studies mainly focused on exam-
explicitly. Goteti et al. (2008) developed a catchment-basedning the effects of different spatial resolutions of input
hydrologic and routing modeling system (CHARMS) with data on hydrologic model predictions (Wolock and Price,
explicit treatment of surface water bodies and storages. De1994; Haddeland et al., 2002; Sridhar et al., 2003; Boone
spite the important advances, their approach has several linet al., 2004; Cerdan et al., 2004), and on identifying a criti-
itations in that (1) routing was essentially based on the unit-cal spatial resolution for optimal model predictions (Wood
hydrograph approach so channel velocity and depth were natt al., 1988; Famiglietti and Wood, 1994; Bruneau et al.,
directly linked to the discharge; and (2) model inputs includ- 1995; Woods et al., 1995; Liang et al., 2004; Shrestha et al.,
ing forcing and land surface parameters were remapped, d2006). While these are important, given the significance of
disaggregated, from the default CLM input data set providedscalable modeling approaches for providing reliable hydro-
by the National Center for Atmospheric Research (NCAR)logic predictions under changing climate and environmental
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conditions, examining modeling approaches from their scal2 Implementation of SCLM-MOSART
ability perspective is very much needed.

Following Koster et al. (2000) and Goteti et al. (2008), CLM applications at regional or global scales involve a large
we implement another attempt on the use of subbasin-basedumber of computational units. A customized parallel al-
representation in a land surface model and systematicallgorithm is embedded in CLM to facilitate such large simu-
compared it with the grid-based representation. Comparisomations on clustering computers. To accommodate this par-
on runoff generation revealed that the subbasin-based apallel algorithm, all CLM units are organized into a two-
proach is more consistent across multiple spatial resolutionslimensional matrix with each node containing a single grid
compared to the standard grid-based land surface modelingell. To take advantage of the parallel algorithm without sig-
approach (Tesfa et al., 2014). The improved scalability ofnificantly modifying the original computational structure of
runoff was attributed to scalability of snowfall/rainfall par- CLM, the subbasins of a study domain are also organized
titioning related to air temperature and surface elevation, andnto a two-dimensional matrix of subbasins, each treated as
scalability of a topographic parameter that influences raina single node, to be consistent with the grid-based represen-
driven saturated surface runoff. tation. Using this subbasin-based representation, all the lo-

In this study, we couple a land surface model with a phys-cal land surface processes such as water and energy trans-
ically based routing model, Model for Scale Adaptive River fer between the land surface and the atmosphere, as well as
Transport (MOSART), both using a subbasin-based represubgrid (or within-subbasin) processes such as runoff gener-
sentation, as a land surface modeling framework. We choosation, are represented assuming each subbasin as a pseudo
the Community Land Model version 4 (CLM4) (Lawrence grid cell without significantly modifying the existing CLM
et al.,, 2011) as the basis for our development because inodeling structure. Note that the latest public versions of
has a large user community and its use of the TOPMODELthe Community Climate System model and the Community
approach for parameterizing runoff may allow it to take Earth System model (i.e., CCSM4 and CESM1) includes a
more advantages of the subbasin-based representation. Fsuite of new coupling capabilities in the CPL7 coupler that
brevity, hereafter we denote the subbasin-based representalow coupling Earth system components configured on un-
tion of CLM as SCLM, while CLM strictly refers to the structured grids or subbasins (Craig et al., 2012). The SCLM
grid-based representation of CLM4, which, after coupling structure has been tested in a preliminary manner at small
with the routing model, are denoted as SCLM-MOSART watersheds (Li et al., 2011; Huang et al., 2013), but without
and CLM-MOSART, respectively. Without parameter cal- invoking the routing component because the river transport
ibration, we systematically investigated the relative meritsmodel (RTM) embedded in CLM4 and its supporting param-
of the subbasin-based modeling framework compared to theters are not intended for the subbasin-based representation.
standard grid-based modeling framework on streamflow sim-The next section introduces the coupling of a new river rout-
ulation, which depends on both runoff generation simulateding model to SCLM.
by the land surface model and river routing represented by The above matrix representation of CLM grids does not
MOSART. More specifically we compared the two modeling distort the real spatial arrangements among the grid cells, i.e.,
frameworks (1) to investigate how they simulate streamflowgrid cells that are neighbors in a model domain of a region are
across multiple spatial scales, (2) to determine if the scalabilstill neighbors in the matrix because the grids have regular
ity advantage of the subbasin-based approach in simulatingtructure (e.g., each rectangular grid has exactly eight neigh-
runoff is preserved in the coupled SCLM-MOSART frame- bors). For SCLM, each subbasin can have different numbers
work, and (3) to determine if the understanding of differencesof neighboring subbasins, so the (2-D) matrix structure can-
in streamflow simulation between the two modeling frame- not reflect the real spatial arrangements or linkages among
works is generalizable to other regions. In this paper, we firsthe subbasins. We therefore impose an extra indexing system
describe the implementation of the subbasin-based modeby assigning a unigue index to each individual subbasin. The
ing framework, including coupling with the physically based linkages between the subbasins, i.e., upstream/downstream
routing model in Sect. 2. Section 3 describes the experimentelationships and other parameters needed for the runoff rout-
tal design, including forcings and land surface parameters foing are all preprocessed and identified by their indices de-
each modeling framework. This is followed by analysis to fined using the same indexing system and stored in the input
compare streamflow simulations with observations and bedata sets as a separate geographical location layer.
tween the two modeling approaches in Sect. 4. To the best of MOSART is a large-scale routing model recently devel-
our knowledge, this is the first attempt to document compar-oped with explicit treatment of routing processes at hills-
isons between the two modeling frameworks on their scaldope, across tributaries (within a spatial unit) and through
ability in terms of streamflow simulation. Section 5 closes the main channel (for more details please refer to Li et al.,
with summary and conclusions. 2013). MOSART can be applied at both grid- and subbasin-

based representations. Li et al. (2013) describes the concept
and framework of MOSART and evaluation of its grid-based
representation in the US Pacific Northwest region at multiple

www.geosci-model-dev.net/7/947/2014/ Geosci. Model Dev., 7, ®53-2014



950 T. K. Tesfa et al.: A subbasin-based framework

spatial resolutions. In this work, MOSART is modified to fol- suitable for SCLM applications worldwide. Therefore, a
low the subbasin structure for direct coupling with SCLM. global database (i.e., HydroSHEDS) is used in this study.
The surface and subsurface runoff produced from the SCLMThe 15arcsec river network is reconciled with the 90m
units is fed into the MOSART units by a one-to-one mapping DEM over each study domain for hydrologic conditioning
based on the indexing system described above. MOSARTo0 ensure a consistent delineation of the river network with
then routes the runoff within and between the subbasins alHydroSHEDS. Using ArcSWAT (soil and water assessment
the way to the ocean or basin outlet. tool; Neitsch et al., 2005), we delineate subbasins within
CRB and MW, as well as a river network consistent with
the subbasin boundaries at four spatial resolutions, using the
3 Experimental design hydrologically conditioned DEMSs as inputs. For comparison
with the grid-based application of CLM4 at 0.129.25,
In this study, we applied the two modeling frameworks 0.5° and F resolutions, the threshold area for the subbasin
(CLM-MOSART and SCLM-MOSART) and performed de- delineation is adjusted iteratively until the average subbasin
tailed analysis over the topographically diverse region of thesize is roughly equivalent to the 0.12%.258, 0.5 and T
Columbia River Basin (CRB), which is located in the US Pa- grids, respectively. We eventually obtain 5999, 1139, 299
cific Northwest (Fig. 1). The CRB region receives the major- and 75 subbasins for CRB and 18681, 4019, 1031, and 273
ity of its precipitation during the cold season with its hydrol- subbasins for MW with average drainage areas equivalent to
ogy dominated by snow accumulation and melting. It encom-0.12% (140kn¥), 0.25 (770kn?), 0.5 (3000kn?) and F
passes both mountainous and low-lying regions (Fig. 1a)(1200 kn?), respectively. These subbasins are then organized
The mountains are characterized by low temperature andhto a 77x 78, 38x 30, 20x 15, and 10< 8 matrices for CRB
higher precipitation dominated by snowfall, while the lower and 137x 137, 67x 60, 37x 28, and 18« 16 matrices for
elevation regions have higher temperature and lower precipMW, respectively, where extra grid cells are masked out as
itation mainly as rainfall. To determine if the understanding nonland cells and therefore excluded from the simulations.
on differences between the two modeling frameworks is genGiven that subbasins could only be defined over land, any
eralizable to other regions, we also apply the models to thepseudo grid cell in the matrix is either 100% or 0% land.
US Midwest (MW) study domain, which encompasses theThis is different from the grid-based applications, in which a
Missouri, Upper Mississippi, and Ohio river basins. Com- single grid can be occupied fractionally by land or ocean.
pared to CRB, the MW region is dominated by a less com- ArcSWAT also provides the subbasin parameters needed
plex topography and the majority of precipitation occurs asfor the routing model (MOSART) including subbasin up-
rainfall. Located further inland, the MW has a colder winter stream/downstream dependence information, accumulated
with less precipitation, but it receives more convective rain-contributing area and other channel parameters such as slope
fall during summer fed by moisture transported from the Gulf and length. The bankfull channel width and depth values are
of Mexico. Analysis over the MW region is limited to key as- derived based on the empirical hydraulic geometry relation-
pects identified from analysis over the CRB. ships estimated in Li et al. (2013), consistently for all SCLM-
To compare the two modeling frameworks, each is appliedMOSART and CLM-MOSART setups.
at four spatial resolutions (0.1250.2%, 0.5, and T) over
the CRB and MW. The grid-based framework is applied di-
rectly at 0.125, 0.25, 0.5 and P grid resolutions. For a fair
comparison between the two modeling frameworks, the aver-
age sizes of the subbasins delineated in this study are chosde analyses performed in this study require extraction of
to be equivalent to a 0.1250.25, 0.5 and T lat/long grid. the USGS stream gauges located within the boundary of
Both modeling frameworks are driven by the same meteo-each study domain. For the grid-based framework, the stream
rological forcing and land surface parameters. Details of thegauges are co-registered to the dominant river tracing (DRT)
subbasin delineation, model inputs, and analysis methods a#ow accumulation grids (Wu et al., 2011, 2012). Stream

3.2 USGS stream gauges

provided in the subsections below. gauges were selected for analyses according to the follow-
ing criteria: (1) the relative difference between the contribut-
3.1 Subbasin delineation ing area determined from the DRT data set and the observed

drainage area from USGS is within 20% across all spatial
To set up SCLM, we utilize the 90 m digital elevation model resolutions and (2) the observed drainage areas are greater
(DEM) and the 15arcsec river networks from the Hydro- than 1500 krA (Fig. 1). For the subbasin-based framework,
logical data and maps based on SHuttle Elevation Derivathe stream gauges are snapped to the nearest stream network,
tives (HydroSHEDS) (Lehner et al., 2008). Although DEMs and in this way the upstream drainage areas are easily pre-
at resolutions of 30 m or higher over the study area can beserved across different spatial resolutions. ArcGIS is used to
obtained from the United States Geological Survey (USGS)facilitate mapping of the stream gauges to the grids/subbasins
database, the goal of our study is to develop a frameworlacross different spatial resolutions, and extraction of input
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data and simulation results at the stream gauges and the re  prec awypar sam | mm/veer  prec cu

PRI
..........

gions draining to the stream gauges.
3.3 Model inputs

The meteorological forcing in this study was extracted from v -
the phase-two North America Land Data Assimilation Sys- '
tem (NLDAS-2) at an hourly time step from 1979 to 2008 | ; 1 - g
(Xia et al., 2012), including precipitation, shortwave and il — _— i i

long-wave radiation, air temperature, humidity, surface pres- _ [ | [ | [ [ T[]

100 225 30 4”5 60 7B 830 970 1100 1220 1330 1470 1000 1723 1800 1975 2100 2220 230 2478 2600

110W

sure and wind speed at 0.F2Eesolution derived from the TBOT ANNUAL SCIM (K mor K
32 km resolution 3-hourly North American Regional Reanal- 1 !

ysis (NARR). For grid-based applications, the NLDAS-2 sox - o 50

forcing data are either applied directly at 0.2 2&solution or *% %’/J KL}

spatially aggregated to the corresponding coarser resolutions . .« o3

For SCLM, an area-average algorithm is applied to remap the= |~ { ‘s. ol 45K

NLDAS-2 forcing to the subbasins defined by their bound- l}} '

aries at each spatial resolution. That is, the algorithm com- R ...

20W 115W 110W

3 284 285 286 287 288 289 290

20W 115W 110W

putes the value of each meteorological variable in a subbasin — ] [T
as the average of the corresponding variable from all the e o
0.12% grid cells that intersect with the subbasin weighted by
the overlapping areas. ArcGIS is used to link the subbasinfigure_ 2. _Comparison of precipitation and air temperature repre-
to the intersecting grids and to compute the fractional areaSentation in the two modeling frameworks.
of the intersecting grids. Figure 2 shows the spatial distribu-
tions of annual mean precipitation and surface temperature
of CLM and SCLM in the CRB domain at the finest (0.225 resolution over the grids as described above. Similar to the
resolution. It can be seen from the figure that the differencedorcing parameters, ArcGIS is used to link the subbasins
between the two representations are very small. to the grids and calculate the area weights of the intersect-
Land surface parameters and leaf area index (LAI) areing grids. Consistent with the CLM4 preprocessing package
derived from the global land parameter data set developedOleson et al., 2010), soil properties such as percent clay,
by Ke et al. (2012) at 0.05resolution based on the most percent sand etc. are calculated using an area-dominant al-
recent MODIS (Moderate Resolution Imaging Spectrora-gorithm, where each parameter value for the subbasins is as-
diometer) land cover and improved MODIS LAI products. signed to the value covering the largest fraction of the sub-
Soil texture is generated based on a hybrid of 30 arcsec Statgasin. Land cover characteristics and plant functional types
Soil Geographic Database (STATSGO, now referred to agPFTs) for each subbasin are determined using the area-
the US General Soil Map) (for CONUS) and 5min Food average algorithm described above for the atmospheric forc-
and Agriculture Organization (outside CONUS) 16-categorying. The LAl and stem area index (SAI) parameters for each
two-layer soil-type data (Chen et al., 2007; Miller and White, subbasin are calculated using a PFT-weighted area-average
1998). The two-layer soil-type data is then converted to com-algorithm. Between the two representations, the differences
position of clay and sand (Cosby et al., 1984; Dai et al., 2003)of most land surface parameters are small due to the high res-
within each 30 arcsec grid cells and interpolated to 10 verti-olution of source data. But this is not the case for soil color
cal layers down to 3.8 m depth. Soil depth is a notoriouslysince the resolution of source data is9Q.&hich is much
difficult input parameter for hydrology modeling. It is thus coarser (figure not shown).
greatly simplified in CLM4 by assuming that soil depth hasa Topography exerts an important control on the lateral re-
globally uniform value of 3.8 m (Oleson et al., 2010) in both distribution of soil moisture and therefore affects the genera-
modeling frameworks. Even though it is a bold assumption, ittion of saturation excess runoff and baseflow. In CLM4, two
is typical in the field of land surface modeling due to lack of important parameters are used to represent the effects of to-
global soil-depth data. Other land surface parameters such gmgraphy on runoff generation, the maximum saturated area
soil color and soil organic matter are derived from the defaultfraction within a spatial unit/max, and an empirical coeffi-
0.5 CLM4 global input data set provided by NCAR. For the cientto describe the variation of actual saturated area fraction
grid-based CLM simulations, the CLM4 preprocessing pack-with the groundwater table’s (Hou et al., 2012; Huang et
age (Oleson et al., 2010) is used at each spatial resolution ial., 2013; Lietal., 2011; Niu et al., 2005). In this woflgaxis
this study. derived following the algorithm described in Niu et al. (2005)
The SCLM soil, land cover, and vegetation parameters areand Niu and Yang (2006) for both SCLM and CLM simula-
derived by overlaying the subbasin boundaries of each spatigions. Based on the DEMs, compound topographic indices

i
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(CTIs) are first derived following the definition used in TOP- rivers of the CRB. Absolute differences in specific peak flows
MODEL (Beven; 1997; Quinn et al., 1995) using ArcGIS. (ADP) (long-term average peak streamflow normalized by
The CTls are then fitted to a distribution, within each sub- the corresponding contributing area) are calculated at all the
basin or grid, to estimate the topography-relevant hydrologicstream gauges of the CRB and selected using the procedure
parameters (i.e fmaxandCs). In CLM4 and its previous ver-  described in Sect. 3.2 between each coarse-resolution simu-
sions (e.g., CLM3, CLM3.5), these parameters are derivedation and the corresponding finest-resolution (0°)2m-

from coarse resolution (e.g., 1 km) DEMs (Niu et al., 2005) ulation. The ADP values are used to evaluate the scalability
due to the lack of higher-resolution DEMs with a global do- of the two modeling frameworks in simulating peak flow at
main. However, as discussed in our previous study (Li et al. multiple temporal scales. Furthermore, Nash—Sutcliffe effi-
2011), the estimation of these parameters using 1 km DEMgiency (NSE) values are calculated at the same stream gauges
is problematic due to its inconsistency with hydrology the- between the streamflows simulated by each coarse resolution
ory. Interested readers are referred to Li et al. (2011) forand the corresponding reference (finest resolution) simula-
details. With the newly available HydroSHEDS (Lehner et tion as shown below:

al., 2008) database, 90 m DEM data are now available glob- )
ally. We therefore estimatefihax values usingthe S0 mDEM  NgE— 1 — X (Fr — Fo)

o 1
from HydroSHEDS. 2 (Fr — Frave)? @)

where, Fy, F¢, and Fyave are streamflow simulated by the ref-
erence simulation, coarse-resolution simulation, and average
For a fair comparison of the two modeling frameworks, all Ztreamﬂ(?m;]froml the; referegcg solution, respe(;:tllvely. ITE.IL.m'
simulations are driven by the same meteorological forcingtheerslf;g]E \taﬁura(; Zr(; glggtrcla:](gﬂgt:(;ejsi?]n mto N ?Icaa |I|ty,
(NLDAS-2 1979-2008) and land surface parameters, gen- . . } usIng streamtiow values
erated using the same methods described above, and Sp@ﬁrmallzed by the respective contributing area. A nonpara-

up until the state variables such as soil moisture and tem[netrlc statistical significance test is employed using the CRB

perature reached equilibrium states. The relative merits of tream gauges to evaluate the significance of the scalabil-

CLM-MOSART and SCLM-MOSART land surface model- | d1ferences between the two modeling rameworks. F
ing frameworks in streamflow simulations are then investi- naty, values are caiculated at the stream gauges

gated using streamflow simulated after the spin up. The twoOf the MW domain that are selected based on the proce-

modeling frameworks are compared using two approaches dure described in Sect. 3.2 (Fig. 1) to investigate scalabil-
In the first comparison, we investigate how the two mod-. ity of the two modeling frameworks at the spatial resolutions

eling frameworks simulate streamflow across multiple Spa__that showed statistically significant differences in scalability

tial scales (defined as the size of upstream drainage area a t_he_ CfRBhstudy do(rjnf:;ln. Tr?e l\(;(\)/\r/ngarlsqn t?t t_he M,\X\égg

gauge station) compared to the naturalized streamflow datgsl'lgés al::; g:étsenr:s ;[aoc:iv(ZI Miszgqjlin Ua3|2rs IE/Iissis—’

from the Surface Hydrology Group, University of Washing- sippi and Ohio river’ basiFr)1$) to );in more ir;si Fr)ﬁ)on any dif-

ton (ttp://www.hydro.washington.edu/2860The sources feFr)gnces at a regional scale Rgesults from th(gese anal );es are

of differences in simulated streamflow at the highest reso-discussed in thegfollowin se;ction y

lution (0.125) between the two modeling frameworks are 9 '

explored in different climatic regions of the CRB and classi-

fied based on rainfall/snowfall fractions. The USGS streamy  gjmulation results and analysis

gauges are also classified based on the dominant climate

regime in their catchment areas for insight on the role of4.1 Runoff and streamflow at the finest spatial

climate in the scalability differences of the modeling frame- resolution

works. In the second comparison, the two modeling frame-

works are evaluated for their scalability across multiple spa-Figure 3 compares how well SCLM-MOSART and CLM-

tial resolutions in both CRB and MW. Scalability is mea- MOSART applied at the finest resolution of 0.22&imu-

sured by the ability of the models to produce simulations thatlate streamflow at a number of major USGS stream gauges

asymptotically approach the high-resolution simulations asrepresentative of the CRB study domain (see Fig. 1). There

model resolution increases. Model scalability is thus demondis a systematic phase shift between the streamflow simu-

strated by using the simulations performed at 0°1&%-  lated by the two frameworks, with SCLM-MOSART produc-

olutions (CLM0125-MOSART and SCLM0125-MOSART) ing higher streamflow in January—March and lower stream-

as the “reference” solution for comparison with simulations flow in April-June. Also shown in Fig. 3 is the natural-

performed at increasingly coarser spatial resolutions. ized streamflow with human influences such as reservoir
In both comparisons, we compare the streamflow simu-operation removed. Due to the availability of the natural-

lated by the two modeling frameworks across multiple spatialized streamflow data, the analysis period is chosen as Oc-

scales at the USGS stream gauges selected to represent majober 1979-September 1989 for Fig. 3. Compared to the

3.4 Methods of analyses
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are both governed by the same set of hydrological formula-

tions and parameters originally calibrated for CLM based on
the grid-based configuration at the global scale. If reproduc-
ing the observed streamflow is the target, a fair comparison
between SCLM-MOSART and CLM-MOSART should be
conducted with separate parameter calibration for each. The
effective and meaningful parameter calibration of SCLM and
CLM, however, is itself challenging particularly over large
regions. This has been a topic of research in separate stud-
ies (Huang et al., 2013; Sun et al., 2013), and is beyond the
scope of this study. Here, our main objective is to investi-
gate the differences between the two modeling frameworks in
streamflow simulation caused purely by different approaches
to delineating the fundamental spatial units without changes
in model parameters or adjustments of model parameteriza-
tions to take advantage of one representation over the other.
Streamflow is a direct product of runoff routing processes
_ 1 that are fed by, and therefore directly controlled by, runoff
200 3 generation in terms of both magnitude and timing. Runoff
generation itself is controlled by the interactions between cli-
mate and landscape properties and the latter two are very of-
ten closely interrelated to each other. Thus, to explain the
differences in streamflow simulation between the two mod-
eling frameworks, we first explore their differences in sim-
ulating runoff generation in different climate regimes. For
this purpose, the subbasins/grids of the finest (O )L&&s0-
lution in the CRB domain are grouped into different regimes
by rainfall fraction (ratio of rainfall to the total precipitation)
as snow dominated (areas with rainfall fraction ranging be-
tween 0.1 and 0.5), intermediate (areas with rainfall fraction
ranging between 0.5 and 0.75), and rain dominated (areas
with rainfall fraction ranging between 0.75 and 1.0) regimes
(Fig. 4). The grids and subbasins are classified based on the
naturalized streamflow, both SCLM-MOSART and CLM- same criteria, which result in spatial distributions of rainfall
MOSART underestimate streamflow in the northern part offraction largely consistent with the spatial distribution of el-
the CRB (as indicated by the comparison at the ARROW,evation in the basin in both representations. This is not sur-
CHIEF and PRIRA stream gauges) and overestimate streanprising since rainfall/snowfall partitioning of precipitation is
flow in the southern part (as indicated by the comparison adominated by near-surface air temperature, which is closely
the MILNE, BROWN and HCANY stream gauges). Since related to elevation variation (Tesfa et al., 2014). The total
the northern part is wetter and provides more runoff thanarea of each regime in the CRB is listed in Table 1. Using
the southern part (e.g., streamflow at CHIEF is much highewifferent thresholds of 0.1, 0.4, 0.7 and 1.0 does not change
than HCANY although they have comparable drainage area)the conclusions except the snow-dominated area is rather
both SCLM-MOSART and CLM-MOSART slightly under- small as the two middle thresholds decrease. Hence subse-
estimate streamflow at the DALLE stream gauge, which isquent analysis is based on the classification with thresholds
downstream of the confluence where the two parts join eactof 0.1, 0.5, 0.75, and 1.0. In the subsequent sections, the cli-
other. Also, at most stream gauges, both SCLM-MOSART mate regimes are used to investigate the differences of the
and CLM-MOSART produce peak flow 1 month earlier than two modeling frameworks in runoff generation.
the naturalized streamflow. This can be attributed to the pa- Shown in Fig. 5 are the seasonal variation of runoff of the
rameterization of snow processes in CLM that very oftentwo modeling frameworks averaged over the whole CRB do-
leads to earlier snowmelt (Wang et al., 2008; Li et al., 2011).main and the three different climate regimes. The phase shift
Due to the earlier snowmelt, one may conclude thatbetween the two frameworks is consistent among different
SCLM-MOSART does not necessarily perform better thanrunoff components, i.e., surface runoff, subsurface runoff,
CLM-MOSART in simulating streamflow. One reason why and the total. This phase shift is more evident in the snow-
SCLM-MOSART is not performing better than CLM- dominated areas than in the rain-dominated areas and more
MOSART is that the runoff simulations in SCLM and CLM evident in the surface runoff than the subsurface runoff. In
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Figure 3. Streamflow from the finest SCLM-MOSART and CLM-
MOSART compared to naturalized flow (Qobs) across different
spatial scales.
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Table 1. The portion of areas within three climate regimes thm e
............ Gl Sner s
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SCLM CLM SCitt-Snow dominated

Snow-dominated 71064 87 756
Rain—snow mixing 254267 223440
Rain-dominated 327687 340240
Total 653018 651437

Figure 5. Seasonality of runoff and soil water over the climate re-
gions. Note that soil water is included here because it is closely
related to the runoff generation.

temperature. From the plots of air temperature for the differ-
the snow-dominated areas, SCLM-MOSART produces lesent regimes, the difference between the two modeling frame-
subsurface runoff due to drier soil (Fig. 5). The latter is be-works is barely discernible in any climate regime. However,
cause the evaporation from bare soil and canopy simulate@dyen very small differences in air temperature can lead to no-
by SCLM-MOSART is overall slightly higher than that sim-  ticeable differences in the partitioning of rainfall/snowfall in
ulated by CLM-MOSART, which affect the soil moisture areas with very high total precipitation. Hence larger total
simulations. Compared to the phase shift in the simulatedyrecipitation in CLM in the snow-dominated areas translates
streamflow shown in Fig. 3, the phase shift in the simu-to larger snowfall in the cold season and larger rainfall in
lated runoff is less significant. However, the transformationthe warm season compared to SCLM, with opposite compen-
from runoff to streamflow is captured by the routing pro- sating effects in the rain-dominated areas. These differences
Cess, which is nonlinear in nature. Therefore one could inferreﬂect the dominant control of topography, hence air tem-
that it is this transformation that has amplified the phase dif-perature' on the precipitation regimes; therefore, the model's
ference between the runoff simulated by the two modelingspatial structure has an impact on precipitation regimes that
frameworks. It is then logical to ask whether and how this translate to differences in runoff (Fig. 5) and streamflow

phase difference exists in the climatic forcings that are majOT(Fig_ 3) due to the runoff generation and river routing pro-
drivers of runoff generation processes. cesses.

Figure 6 shows the seasonal variation of precipitation,
temperature, and the partitioning of precipitation into rain- 4.2  Scalability of streamflow simulations
fall and snowfall in the two modeling frameworks. From the
plots for the whole CRB, one can see that there is no dif-In this analysis, we explore how the two modeling frame-
ference between the mean precipitation and temperature aworks simulate streamflow at different spatial resolutions.
eraged over all subbasins and grids, which is expected beFigure 7 compares the streamflow simulated by SCLM-
cause the remapping from grids to subbasins conserves thHdOSART and CLM-MOSART at all spatial resolutions
area-averaged forcings used as inputs to the models. How©.12%, 0.2%, 0.5, and T) at the USGS stream gauges se-
ever, the total precipitation is noticeably larger in CLM than lected to represent major river basins in the CRB domain
SCLM in the snow-dominated areas, which is compensatedFig. 1). Results show that streamflow simulated by both
by slightly smaller precipitation in CLM than SCLM in the frameworks has considerable variations across spatial resolu-
rain-dominated areas, as the latter occupies a much largdions. However, at these stream gauges, SCLM-MOSART is
fraction of the total area of the CRB. Similarly, the differ- more consistent across spatial resolutions compared to that of
ences in rainfall and snowfall are more noticeable in theCLM-MOSART in that SCLM-MOSART-simulated stream-
snow-dominated areas, with smaller differences in rainfallflow is consistently lower as spatial resolution coarsens,
also noted in the rain-dominated areas. The models partitionvhile the streamflow from CLM-MOSART tends to be less
the total precipitation into rainfall/snowfall depending on air consistent across spatial resolutions and produces outliers at
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Figure 6. Seasonality of forcing over the climate regions.
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1° resolution. This is particularly true over smaller drainage = {——————————— S v I

areas such as manifested at the HCANY, BROWN, CJSTR, = A A
MILNE and ARROW stream gauges. This issue is thus in- 3
vestigated further at the stream gauges selected in Sect. 3.
in the subsequent sections. e
Shown in Fig. 8 are scatterplots and statistics DOXPIOtS Of "ot o s res st sy iy s 1 s s
the absolute differences in specific peak flow (ADP) cal- _ _ i
culated, as described in Sect. 3.4, between each coars§'9Ure 7. Streamflow from different resolution SCLM-MOSART
. . . . . —and CLM-MOSART simulations across different spatial scales
resolution simulation and the corresponding reference S'm'(drainage area).
ulation at 0.125 resolution in each modeling framework at
3-hourly (Fig. 8a, d), daily (Fig. 8b, €) and monthly (Fig. 8c,
f) timescales. In the figure, symbols represent spatial resofor each coarse resolution (0250.5°, and F) at the
lutions, while colors are used to identify the dominant cli- ysGs stream gauges of CRB at 3-hourly (Fig. 9a), daily
mate regimes in the catchment area of the stream gaugegrig. 9b) and monthly (Fig. 9c) temporal scales. Similar
From the scatterplots, it is obvious that the differences betg Fig. 8, spatial resolutions are identified by the symbols,
tween the coarse simulations and the reference simulatioyhijle the colors represent the climate regimes dominat-
from SCLM are generally smaller than that from CLM, €s- ing the catchment area of the stream gauges. Results show
pecially in snow-dominated areas (e.g., the blue symbols arghat SCLM-MOSART has superior scalability compared to
more often below the 1:1 line than the red symbols), consis-c| M-MOSART at all the coarse spatial resolutions (0.25
tent with the finding of Tesfa et al. (2014) for runoff. Hence g 5 and P) and all temporal scales. The scalability ad-
in both types of plots (scatterplots and boxplots), SCLM- yantage of SCLM-MOSART in streamflow simulation be-
MOSART tends to show some scalability advantages comgomes more pronounced at the coarser spatial resolutions and
pared to CLM-MOSART at all temporal scales, which be- monthly temporal scales. Since the routing process is less im-
comes more evident as one goes from 3-hourly to monthlyportant at a monthly scale, these results suggest the impor-
temporal scales, particularly at the 9.8nd T resolutions.  tance of the scalability advantage of SCLM in runoff gen-
In general, these results suggest that improved scalability iration, particularly in snow-dominated and intermediate ar-
runoff generation combined with the routing processes reeas, at monthly scale. Note that the snow-dominated regions
sulted in better scalability in peak flow simulation for SCLM- i this study domain largely overlap with the mountainous
MOSART compared to CLM-MOSART at the stream gaugesregions defined based on topographic steepness in Tesfa et
within the CRB domain. al. (2014). This generally suggests that the scalability advan-
We also calculated NSE values between each coarsgages of SCLM in runoff generation, discussed in Tesfa et

pare scalability of the two approaches. Figure 9 comparesnodel (MOSART).

the NSE values of the two modeling frameworks calculated
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Figure 8. Specific peak flow comparison at 3-hourly, daily and monthly temporal scales at the USGS stations with contributing area larger
than 15 000 krfx: (a), (b) and(c) comparison over the climate regions gdy, (e) and(f) comparing their statistics.

As streamflow simulated at the stream gauges depends doy the corresponding contributing area and compared against
the contributing areas, it is important to determine if con- the NSE values calculated using nonnormalized streamflow
tributing area differences between the two approaches magt the same stream gauges at daily (Fig. 10a, d) and monthly
play a role in the scalability differences and how scalabil- temporal scales (Fig. 10b, e). Results show similar contrast in
ity differences may vary across spatial scales (i.e., upstrearscalability between the two modeling frameworks using both
drainage areas of the stream gauges). We calculated anothsets of NSEs, suggesting a minor role of contributing area in
set of NSE values by normalizing the simulated streamflowthe scalability differences of the two modeling frameworks
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Figure 9. Scalability comparison using a NSE of streamflow at 3-ho(a)ydaily (b) and monthly(c) calculated between each coarse scale
and the corresponding fine scale in each modeling framework at the USGS stations with contributing area larger than?.5 000 km

in streamflow simulation. Results also show more clearly that Following the results discussed so far, it is logical to
the scalability advantages of SCLM-MOSART are more sig-ask whether the scalability advantages of SCLM-MOSART
nificant at the 0.5 and T spatial resolutions. Comparison have any statistical significance. Table 2 shows ghelue
of the two sets of NSEs across spatial scales shows that theesults from a nonparametric statistical significamceest
slight differences between the area normalized (Fig. 10c) an@Bauer, 1972) on the NSEs calculated from the nonnormal-
nonnormalized (Fig. 10f) streamflow occur mostly at streamized streamflow at each coarse (0.26.5°, and ) spatial
gauges with smaller drainage areas (less thar@® km?), resolution at 3-hourly, daily and monthly temporal scales.
suggesting that the role of contributing area on the scalaUsing a confidence level of 95 %, the results show (1) sig-
bility differences of the two modeling frameworks dimin- nificant differences in NSEs between SCLM-MOSART and
ishes as the spatial scale increases. The results also shdBLM-MOSART at the 0.5 and P spatial resolutions at all
that both modeling frameworks have a threshold behav+3-hourly, daily and monthly) temporal scales, (2) insignif-
ior with increasing spatial scale (drainage area), that is, inicant difference in NSEs at 0.2%esolution at all temporal
both sets of NSE values, the ability to reproduce the finestscales, and (3) the significance of the differences in NSEs be-
resolution (0.129% simulations generally improve with in- tween the two modeling frameworks increases from 3-hourly
creasing catchment size at all spatial resolutions (0 @5°, to monthly temporal scales.
and T). But, in both sets of NSE values, SCLM-MOSART  To determine if the scalability difference in the CRB,
results converge to the reference simulation faster with in-which is dominated by topographic control on precipita-
creasing drainage areas than that of CLM-MOSART at alltion and runoff, may be generalized in other regions, sim-
coarse spatial resolutions. Comparisons at 3-hourly and dailylar analysis is performed for the MW study domain for
temporal scales show the same pattern (figures not shown).streamflow at stream gauges selected using the procedure de-
scribed in Sect. 3.2. Analysis is only performed at the spatial
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Figure 10. Statistics of(a andb) area-normalized an@ ande) nonnormalized NSEs of streamflow at different temporal scaleg@aadd
f) NSEs of monthly streamflow across the spatial scale over USGS stations with drainage area greater than45a06 GCRB.

resolutions that showed statistically significant scalability compared the NSE values at the three major river basins:
differences in the CRB domain. For this purpose, NSE valueOHRB, MSRB, and UMRB of the Midwest (Fig. 11b-d).
are calculated using the nonnormalized streamflow simulate®Vhen compared at each river basin separately, the results
at the coarse (0%5and P) resolutions and the correspond- show (1) clear scalability advantage for SCLM-MOSART in
ing reference (0.125resolution). Figure 11a shows minimal OHRB at both spatial resolutions; but (2) similar to the MW
scalability differences between the two frameworks in MW. domain, less discernible scalability differences are shown in
Since the MW domain is large and more heterogeneous ilMSRB and UMRB at both spatial resolutions. Considering
climate and topographic regimes than the CRB, we furtherthe topographic and climatic differences between the MW
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Figure 11. NSE values from monthly streamflow compared at the USGS stations with contributing area larger than 15 R@@ted in
the whole Midwesta), and Missourib), Upper Mississipp{c) and Ohio(d) regions.

Table 2. Nonparametrie-testp values on NSE. and snow over complex topographic regions. However, the
results over OHRB deserve further investigation.
Spatial Scale To get a better understanding of the causes of the scal-
Temporal scale  0.25 0.5° 10 ability differences in OHRB, we further explore how the
2 — topographic slope and rainfall fractions compare over the
3-hourly 0.9972 5583 10:4 9.0751x 10_3 three major river basins of the MW domain (OHRB, MSRB
Daily 0.9964 3.670¢ 10 8.5951x 10 : -
Monthly 7699x 102 3.724x 107  2.133x 10-3 and UMRB). Figure 12 shows the statistics of the topo-

graphic slope (Fig. 12a) and rainfall fractions (Fig. 12b)
of the three river basins. The results reveal that both to-
pographic slope and rainfall fractions of OHRB are quite

) __different from those of MSRB and UMRB. It is interest-
and the CRB domains, the results at the whole MW domam,ing that, compared to MSRB and UMRB, OHRB is domi-
MS.RB’ ZS vv_eII az l‘éMﬁB are not s;:rprls(ljng. The_ MW do- nated by a much steeper topographic slope and dominantly
main Is ¢ omlnate_ y _at topography an preuprgatlon OC'higher rainfall fraction, suggesting that the scalability advan-
curs mglnly as rain, while the CRB_d.om.am IS dommatgd bytage of SCLM-MOSART in streamflow simulated in OHRB
mountainous topography and precipitation oceurs ma'!’"y 3% omes from a combination of improved scalability in the sat-
ing\./v. Thus, thfese relsulgs are ger?_e;]alli/] conjls;ent W'Itthlhﬁrated fraction of surface runoff driven by rain over steep
findings in Tesfa et al. ( 014,)’ which showed the scala '_'topography and the routing processes. As discussed in Tesfa
ity advantages of the subbasin-based land surface modellngt al. (2014), the subbasin-based approach (SCLM) is more
in runoff generation to be dominated by its superior scala-Consistent than the grid-based approach (CLM) in represent-

bility in mOP”ta'”O‘%S and snovy-dom|nateq regions due toing mountainous topography, which plays important role in
better consistency in representing mountainous topography
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Figure 12. Topographic slope and rainfall fraction over the Missouri, Upper Mississippi and Ohio regions.

the scalability of the rain driven saturated component of sur-even after coupling with the routing model (MOSART).
face runoff. These results thus generally suggest that the scaBoth modeling frameworks showed a threshold behavior
ability differences in streamflow simulation between the two with spatial scales (drainage area of the stream gauges);
modeling frameworks are generalizable to other regions. i.e., for drainage area larger than a threshold, spatial reso-
lution becomes less important so the coarse-resolution simu-

) lations resemble the fine-resolution simulations, but SCLM-
5 Summary and conclusions MOSART converges to the high-resolution simulations faster
with increasing drainage area than CLM-MOSART. Lastly,
Rive found that the understanding on scalability differences
in streamflow simulation between the two modeling frame-
works is generalizable to other regions.

The scalability results presented in this study suggest that
the subbasin-based representation is more robust than the
grid-based representation across spatial scales. This reduced
sensitivity to model resolution for both peak and mean flow
is an important advantage for reliable hydrologic predictions.
Given that the scalability advantages have been identified for
both runoff generation and streamflow simulations, it would
be valuable to further examine how the scalability advantages
partition between the two nonlinear processes and further
. . contrast scalability differences in different topographic and
We found that in the CRB where topography dominantly climate regions. This would include (1) analyses of runoff

Ezmmlfh the precw;lltattlon reﬁ'mei* s_mallf d'f;fﬁ re?ces bZ’generation over the catchment area of each stream gauge;
/een the averaged atmospheric forcing for the o mod-,, 4 (2) a detailed investigation of river routing parameters
eling frameworks could lead to larger differences in simu-

; . h as drai density, t hic sl dch | ge-
lated runoff and streamflow at the finest (0.1REesolution stich as drainage density, topographic Sope and channe’ ge

: \ ometry, which are potential sources of differences between
because of the nonlinear runoff generation and streamfl_onhe streamflow simulated by the two modeling frameworks.

routing processes. Our results showed that simply by us'nq:urthermore, given that the topography-relevant runoff gen-

a spatial structure that follows subbasin boundaries deﬁne%ration parameterfmay, is derived from the HydroSHEDS
. . . max»
by topography without any change in model parameteriza- oner et 41, 2008) 90 m DEM database, which is at a con-

t|on§, SCLM-MOSART exhibits improved scalability in sim- siderably finer resolution compared to the 1 km data provided
ulating both peak and mean streamflow compared to CLM-

. with CLM4, it would be valuable to examine its relative mer-
MOSART. The scalability advantages of SCLM-MOSART its on runoff generation/streamflow simulation in the two

are more apparent in snow-dominated and intermediate CII'modeling frameworks across different spatial resolutions.

mate regimes, and in areas with steeper topography. This Since soil depth is a notoriously difficult parameter in hy-

suggests that the scalability advantages of SCLM in runoffd loai deling (Tesfa et al.. 2009). it tiv simplified
generation, discussed in Tesfa et al. (2014), are preservedro ogic modeling (Tesfa etal., ). itis greatly simplifie

In this study, we have implemented a subbasin-based re
resentation of CLM called SCLM, coupled with a physi-
cally based river routing model (MOSART). The relative
merits of the subbasin-based modeling framework (SCLM-
MOSART) in streamflow simulation are compared to the
grid-based modeling framework (CLM-MOSART) over to-
pographically and climatologically contrasting regions: the
Columbia River Basin (CRB) and US Midwest region (MW).
For this purpose, the two modeling frameworks are ap-
plied at four spatial resolutions (0.1250.25, 0.5°, and

1°) in both the CRB and MW, and streamflow simulated by
SCLM-MOSART and CLM-MOSART are compared with
each other and with naturalized streamflow data.
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