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Abstract Multimodel ensembles are often used to produce ensemble mean estimates that tend to have
increased simulation skill over any individual model output. If multimodel outputs are too similar, an indi-
vidual LSM would add little additional information to the multimodel ensemble, whereas if the models are
too dissimilar, it may be indicative of systematic errors in their formulations or configurations. The article
presents a formal similarity assessment of the North American Land Data Assimilation System (NLDAS) mul-
timodel ensemble outputs to assess their utility to the ensemble, using a confirmatory factor analysis. Out-
puts from four NLDAS Phase 2 models currently running in operations at NOAA/NCEP and four new/
upgraded models that are under consideration for the next phase of NLDAS are employed in this study. The
results show that the runoff estimates from the LSMs were most dissimilar whereas the models showed
greater similarity for root zone soil moisture, snow water equivalent, and terrestrial water storage. Generally,
the NLDAS operational models showed weaker association with the common factor of the ensemble and
the newer versions of the LSMs showed stronger association with the common factor, with the model simi-
larity increasing at longer time scales. Trade-offs between the similarity metrics and accuracy measures indi-
cated that the NLDAS operational models demonstrate a larger span in the similarity-accuracy space
compared to the new LSMs. The results of the article indicate that simultaneous consideration of model sim-
ilarity and accuracy at the relevant time scales is necessary in the development of multimodel ensemble.

1. Introduction

Multimodel ensembles are often used in weather, climate, and hydrologic modeling efforts in order to
quantify and understand model uncertainty (Dirmeyer et al., 2006; Mitchell et al., 2004; Murphy et al., 2004;
Palmer et al., 2005; Pitman & Henderson-Sellers, 1998; Rodell et al., 2004; Xia et al., 2012b). These efforts
demonstrate that combining individual model estimates generally leads to increased skill, as the individual
model errors tend to cancel each other out (Xia et al., 2012a, 2012c). In addition to simple averaging, differ-
ent methods of combining individual model estimates have been proposed (Giorgi & Mearns, 2002; Tebaldi
et al., 2005), based on how well the predictions from each model agree with observations. An evaluation of
the multimodel ensembles with and without observational constraints is often useful for evaluating the pre-
dictability limits and uncertainty sources of models (Schwalm et al., 2015). As the availability of reliable, spa-
tially distributed, and temporally consistent observations is not always guaranteed, the use of observational
constraints in ensemble modeling is not always possible. In addition, a key assumption behind the assumed
improved skill of the ensemble mean estimates is that the constituent models and their model parameter-
izations are independent of each other. Therefore, other ways of examining the relative contributions of
constituent models are necessary while working with an ensemble of models.

Similarity is an intuitive criterion for assessing things of the same kind, such as comparing outputs of an
ensemble of models for a given variable. As a fundamental and widely used concept, different metrics
can be used to quantify similarity. Most similarity quantifications belong to either distance-based or
information-based measurements (Li et al., 2004). Distance-based similarity measures (e.g., mean squared
error) are often used in applications such as cluster analysis (Tryon, 1939), whereas information-based mea-
sures (e.g., correlation) are typically used for information retrieval applications (Singhal, 2001). In order to
define similarity between two quantities A and B, both commonality and differences have to be considered.
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The more common two quantities are, the more similar they are. Conversely, if more differences can be
found in a comparison, the less similar the compared quantities are. The maximum similarity between A
and B is reached when A and B are identical (Lin, 1998). In this article, we present a similarity based assess-
ment of a suite of land surface models (LSMs) on their contribution toward a multimodel ensemble.

The similarity evaluations are conducted using the outputs from a suite of LSMs in the North American
Land Data Assimilation System (NLDAS; Mitchell et al., 2004; Xia et al., 2012b) configuration. NLDAS is a mul-
tiinstitution, real-time, and retrospective land data assimilation system that runs four LSMs using
observation-based meteorological data. NLDAS Phase 2 (NLDAS-2) was implemented into the NCEP central
operations (NCO) in August 2014. The operational NLDAS-2 uses Noah (version 2.8; Noah28; Chen et al.,
1996a; Ek et al., 2003; Xia et al., 2012c), Mosaic (Koster & Suarez, 1992, 1996), Variable Infiltration Capacity
(VIC version 4.0.3; VIC403; Liang et al., 1994), and Sacramento Soil Moisture Accounting (SAC; Burnash et al.,
1973) LSMs. As part of ongoing efforts, new LSMs or new versions of the LSMs are being considered for the
next phase of the NLDAS project to replace or augment the existing suite of LSMs. In this article, in addition
to the four operational NLDAS-2 model outputs, we consider the model estimates from four LSMs in the
NLDAS-2 configuration: Noah version 3.6 (Noah36; Wang et al., 2010; Wei et al., 2013), VIC version 4.1.2.l
(VIC412L; Gao et al., 2010), Catchment version 2.5 (CLSM25; Ducharne et al., 2000; Koster et al., 2000; Reichle
et al., 2011), and a configuration of NoahMP (as implemented in the Weather Research and Forecasting
model V3.6) LSM with dynamic vegetation (NoahMP; Niu et al., 2011; Yang et al., 2011).

There have been several prior studies that have quantitatively compared and evaluated the outputs from
the NLDAS suite of models. Model evaluation studies (Pan et al., 2003; Robock et al., 2003; Sheffield et al.,
2003) during the first phase of the NLDAS project (NLDAS-1) were primarily focused on evaluating the
model outputs against available reference measurements. The deficiencies in individual model formulations
identified in these studies led to Phase 2 of the NLDAS project, where model parameterizations and bound-
ary condition inputs were improved (Xia et al., 2013). Though the model evaluations conducted in NLDAS-2
(Xia et al., 2012b) indicate greater level of agreement between the constituent models relative to those in
NLDAS-1, significant intermodel differences were also observed, particularly for cold season and subsurface
hydrologic processes. Comparison of the land surface energy and water budgets (at monthly and annual
scales) from the NLDAS-2 models was examined in more recent studies (Xia et al., 2016a, 2016b), which
found similarities among the models in the simulation of seasonal cycles and significant biases relative to
reference data products. An evaluation of the components of the terrestrial water storage, including snow
and soil moisture, from the NoahMP and CLSM25 LSMs in the NLDAS configuration was presented in Xia
et al. (2017). These studies are largely focused on evaluating the skills of the individual models and less
focused on quantifying when and how the constituent model estimates are similar and what factors best
explain convergence in areas with high level of model agreement.

As the primary reason for using an ensemble of models is to reduce the overall prediction uncertainty, it is
important to assess the similarity across the models. If the intermodel spread is small (the models are similar
to each other), then it can be argued that they are not truly independent and their utility to a model ensem-
ble is low, irrespective of their simulation skill. Conversely, a multimodel ensemble is meaningful only if
there is sufficient dissimilarity among the constituent models. For example, Mo et al. (2012) examined the
uncertainties from two different LDASs and concluded that the ensemble skill and uncertainty was primarily
driven by the input meteorological forcing more than the intermodel differences within a given system.
Though having models that produce vastly different estimates is not helpful for reducing the overall uncer-
tainty, outlier models may incorporate important processes or different formulations of model physics.
Understanding factors of dissimilarity among the individual models is useful for choosing the models that
constitute an ensemble (Rastetter, 1996). In this article, we provide quantitative assessments of similarity of
a suite of LSMs within NLDAS-2 through a confirmatory factor analysis. The article also presents assessments
of model similarity relative to measures of agreement between model estimates compared to observational
references.

Specifically, the article addresses the following research questions and objectives:

1. How similar/dissimilar are the constituent models within the operational NLDAS-2 and the new LSMs
that are considered for inclusion within NLDAS-2? When and where are the similarities between the
models more/less prominent?
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2. How does similarity/dissimilarity of models change at different time scales? As NLDAS-2 is used for a vari-
ety of applications (e.g., drought assessment, flood risk estimation, and weather/climate model initializa-
tion), it is important to assess if the ensemble is providing meaningful estimates of modeling uncertainty
at a given time scale.

3. Can acceptable levels of model performance for constituent models be established without them
becoming too similar to each other? This can be quantified through assessing trade-offs in model perfor-
mance (level of agreement between model estimates and observations) and model similarity for constit-
uent models.

The article is organized as follows: section 2 introduces the settings of this study, including the domain,
models, variables of interest, and methods used for similarity assessment. The results of intermodel similar-
ity assessment and factor analyses are described in section 3. Similarity assessments at different time scales
and evaluation of model similarity in relation to accuracy are given in sections 4 and 5, respectively. In the
end, the main findings of this study are summarized in section 6.

2. Study Settings

2.1. Models
As noted above, model outputs from eight LSMs are used in this article for similarity assessment. They
include the four NLDAS-2 operational models (Noah28, Mosaic, VIC403, and SAC) and four additional LSMs
(Noah36, CLSM25, VIC412L, and NoahMP). SAC represents the combination of Sacramento Soil Moisture
Accounting (SAC) rainfall runoff model and the SNOW-17 empirical snow pack model (Anderson, 1973). Ver-
sion 3.6 of the Noah land surface model (Chen et al., 1996b) represents several physics improvements and
model fixes, including to snow physics (Wang et al., 2010) and to warm season processes (Wei et al., 2013)
over the current operational NLDAS-2 version of the Noah LSM. The VIC model (Liang et al., 1994) version
4.1.2.l has evolved from 4.0.3, including upgrades such as new parameterizations of the soil temperature
profile, snow cover, and frozen ground physics. Developed from the Noah LSM, the Noah multiphysics
(NoahMP) LSM has integrated several physics modules from other land surface models. CLSM land surface
model is partially developed based on the Mosaic model (Koster & Suarez, 1992) and represents the land
component of the NASA Goddard Earth Observing System model version 5 (GEOS-5) system.

All LSMs except SAC employ similar physics components with different parameterizations for soil hydrology,
canopy interception, soil thermodynamics, and snowpack physics, which are summarized in Table 1. Across
the LSMs, the heat flow calculations are generally defined by the usual diffusion equation:

CðHÞ @T
@t

5
@

@z
KtðHÞ

@T
@z

� �
; (1)

where T is the soil temperature and the volumetric heat capacity C ðJ m23 K21Þ and the thermal conductiv-
ity, Kt ðW m21 K21Þ are formulated as functions of soil moisture H in LSMs. For example, in Noah28, they are
defined as (Chen & Dudhia, 2001)

C5Hwater Cwater1ð12HsÞCsoil1ðHs2HÞCair1ðH2HwaterÞCice; (2)

Kt5
420 exp½2ð2:71Pf Þ�; Pf � 5:1

1:1744; Pf > 5:1
;

(
(3)

and Pf 5log½WsðHs=HÞ�, where Ws is the saturated water potential (suction), Hs is the maximum soil mois-
ture (porosity), Hwater is the unfrozen portion of soil moisture, and Cwater, Csoil, Cair, and Cice are the volumet-
ric heat capacities of water, soil, air, and ice, respectively. In VIC412L, the heat capacity C is calculated
similarly as the weighted average of these capacities, while in VIC403, frozen ground physics were not used,
so the heat capacity of ice is not considered. However, the soil heat conductivity is calculated differently as

Kt5ðKt;sat2Kt;dryÞKe1Kt;dry (4)

in which, Ke is the Kersten number describing the degree of saturation (Gao et al., 2010). This formulation is
also used in NoahMP to calculate soil heat conductivity (Yang et al., 2011) but the dry thermal conductivity
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(Kt;dry) and the saturated thermal conductivity (Kt;sat) are determined using different empirical equations
than the VIC model.

All of these LSMs use Richards (Richards, 1931) equation or its variants to describe the soil moisture dynam-
ics as follows:

@H
@t

5
@

@z
D
@H
@z

� �
1
@K
@z

1FH; (5)

where the hydraulic conductivity K and soil water diffusivity D are functions of soil moisture content H, and
FH represents the source and sink terms, such as evaporation, transpiration, infiltration, and runoff. Similar
to the calculation of soil temperature, the parameterization schemes for DðHÞ and KðHÞ and the determina-
tion of the source sink terms (FHÞ differ across the LSMs. For example, for evapotranspiration computations,
CLSM and VIC use the standard Penman-Monteith formulation whereas Noah models use modified
Penman-Monteith approaches for potential evapotranspiration, with added differences in the individual
model parameterizations.

The determination of runoff in the LSMs is even more different. For example, VIC uses the variable infiltration
curve and Arno baseflow curve to determine surface runoff and baseflow while Noah model adopts the Sim-
ple Water Balance (SWB) model to calculate surface runoff and use the gravity drainage from the bottom layer
to represent baseflow (Chen & Dudhia, 2001). NoahMP and CLSM use the topographic index concepts of TOP-
MODEL to describe runoff generation (Koster et al., 2000; Niu et al., 2011). Some models have a free drainage
bottom layer, such as VIC, Noah and Mosaic, and some models have a conceptual groundwater component,
such as NoahMP and CLSM (Koster et al., 2000; Niu et al., 2011). The vertical discretization of the soil column is
also quite different in these models. For example, Noah and NoahMP use a four-layer scheme (0.1, 0.3, 0.6,
and 1 m), VIC models use a three-layer scheme with fixed thickness (0.1 m) for the first layer and varying thick-
nesses for the second and third layers and Mosaic uses a three-layer scheme with a surface layer, a root layer,
and a recharge layer, of 0.1, 0.3, and 1.6 m, respectively. CLSM employs a nontraditional approach where the
vertical soil moisture profile is determined through deviations from the equilibrium soil moisture profile. The
soil moisture in a 2 cm surface layer and a 1 m root zone layer are determined from the bulk moisture varia-
bles in the LSM. SAC calculates soil moisture using conceptual zones; the NLDAS team has postprocessed the
SAC output to provide soil moisture in the same vertical layers as Noah.

The LSMs use different strategies for surface energy partition of the incoming net radiation into latent, sen-
sible, and ground heat fluxes. In VIC and Noah models, the latent heat flux is determined according to
evapotranspiration, which is calculated based on the Penman or Penman-Monteith equations. While in
Mosaic, CLSM, and NoahMP, latent heat flux is calculated first and then the evapotranspiration is diagnosed.
The energy balance calculation is the same in Mosaic and CLSM (Koster et al., 2000), where sensible heat
and latent heat fluxes are calculated using a resistance network analog. The version of SAC used in NLDAS-
2 does not calculate latent and sensible heat fluxes. Different numeric solutions are applied to determine
skin temperature estimates, which also impacts the output energy fluxes of these models.

Snow pack calculation in the LSMs uses similar physics schemes with different vertical discretization of
snow columns and different parameterizations for properties such as snow heat capacity and snow heat
conductivity. VIC and Noah models use a single layer snow scheme, CLSM uses a three-layer scheme, and
NoahMP uses a multilayer discretization scheme. Compared to Noah28, Noah36 includes snow physics
updates (University of Arizona snow physics option; Wang et al., 2010) and updates for snow albedo, surface
roughness and surface exchange coefficient formulations (Barlage et al., 2010).

In addition to the physics and parameterization differences, there are differences in the land surface param-
eters employed in the LSMs. All model integrations use the global vegetation classification data set (with 13
classes) produced by the University of Maryland (Hansen et al., 2000) as the landcover data and the State
Soil Geographic Database (STATSGO) soils database (Miller & White, 1998) to specify soil texture types in the
model configuration. The VIC models use leaf area index (LAI) derived from AVHRR measurements whereas
the Noah models use Green Vegetation Fraction (GVF) derived from MODIS data products. The NoahMP
configuration used in this article employs a dynamic phenology model where LAI is a model prognostic var-
iable. A set of recalibrated soil hydrology parameters is used in the VIC412L simulation, which also contrib-
utes to the differences between the results of VIC403 and VIC412L.
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2.2. Variables
Six variables (latent heat (Qle) and sensible heat (Qh) fluxes, total runoff (Q), root zone moisture content
(RZMC), snow water equivalent (SWE), and terrestrial water storage (TWS) that represent some of the key
components of the terrestrial water and energy budget from these eight LSMs are employed in the similar-
ity assessments. The latent and sensible heat fluxes describe the surface energy partition of the available
net radiation. Correspondingly, the surface water balance is described by the partition of the incoming pre-
cipitation into evapotranspiration, runoff and the change in storage within the soil. The latent heat flux is
directly linked to the evapotranspiration component of the surface water budget, as it represents the
energy transfer term associated with evaporation and vegetation transpiration. The total runoff employed
in the analysis is the sum of the surface and subsurface runoff. SWE, RZMC, and TWS variables represent the
key storage terms of the water balance. RZMC is defined for this study as the total soil moisture of top 1 m
soil column, determined in each LSM as a suitably weighted average over the model layers. TWS represents
the vertically integrated measure of the surface and subsurface water and is computed as the sum of soil
moisture, snow water equivalent, canopy water storage, and groundwater. Note that only CLSM and Noah-
MP simulates subsurface groundwater reservoirs among the eight LSMs. In all other models, the terrestrial
water storage is essentially represented by the components of canopy interception, snow water equivalent,
and soil moisture. In the analysis below, we employ daily and monthly averaged estimates of these six
variables.

2.3. Domain and Time Period
The domain configuration in this study is the one used for NLDAS-2, which consists of a 0.1258 lat by 0.1258

lon grid that extends from 258N to 538N and 1258W to 678W. The similarity assessments are conducted
using model outputs over an eleven year time period, from January 2002 to December 2012. All the models
are forced with the NLDAS-2 forcing data (Xia et al., 2012b) and run at 15 min time intervals except VIC403
and VIC412L which use a 1 h time step. All models were spun-up by initializing with that model’s equilib-
rium state at the start of the NLDAS-2 forcing in January 1979, and run for 23 years before the start of the
analysis period of January 2002. The NASA Land Information System (LIS; Kumar et al., 2006; Peters-Lidard
et al., 2007) is used to conduct the model simulations with the four new LSMs.

2.4. Reference Data Products
To develop assessments of accuracy, the model estimates of Qle, Qh, Q, RZMC, and TWS are compared
against a number of available reference data sets for these variables. The model Qle and Qh outputs are
compared against in situ flux measurements from 76 AmeriFlux network stations. These sites are chosen
from the AmeriFlux Level 3 data, which is a quality controlled version of the raw measurements. The flux
measurements available at 30 min intervals are aggregated to a daily time scale for comparison against the
LSM estimates. Soil profile measurements from the USDA Soil Climate Analysis Network (SCAN; Schaefer
et al., 2007) are used as the reference data for evaluating RZMC. The SCAN network stations provide hourly
soil moisture measurements at depths of 5, 10, 20, 50, and 100 cm wherever possible. For evaluating total
runoff estimates from the LSMs, the gridded Daily streamflow data obtained from the United States Geolog-
ical Survey (USGS; http://nwis.waterdata.usgs.gov/nwis) over 572 small, unregulated basins is used to evalu-
ate the total runoff estimates from the LSMs. These basins were also part of the model evaluations used in
the NLDAS-2 project (Kumar et al., 2014, 2016; Xia et al., 2012c) and are a subset of the Model Parameter
Estimation Experiment (MOPEX) study basins. The TWS estimates from the LSMs are evaluated against TWS
anomalies from the Gravity Recovery and Climate Experiment (GRACE; Tapley et al., 2004) mission. In this
study, we employ the monthly gridded (available on 18 horizontal resolution grids during January 2003 to
January 2013) Tellus GRACE TWS anomaly products (Landerer & Swenson, 2012). This product is bases on
the Release-05 (RL05) spherical harmonics fields produced by the University of Texas Center for Space
Research (CSR). The scaling coefficients provided with the data for restoring some of the signal loss due to
filtering and truncation during the TWS derivation are also applied in the evaluations presented here. Note
that we exclude an accuracy evaluation of modeled SWE estimates due to the limited availability of SWE ref-
erence data sets. Though SWE measurements are available from the Natural Resources Conservation Service
(NRCS) Snow Telemetry (SNOTEL) network, the SNOTEL stations tend to be located in high-elevation moun-
tain watersheds. As a result, the SNOTEL SWE measurements are more representative of the SWE extremes
rather than the mean. The SNOTEL network is also limited in its coverage to the Western U.S.
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2.5. Assessment Methods
We apply a latent variable model employing a confirmatory factor analysis (CFA; Christensen & Sain (2012);
Hattie & Fraser, 1988) to quantify unmeasured sources of similarity and variability in the model predictions.
A latent variable model is a statistical approach that relates observed variables to latent or unobserved vari-
ables and can be represented through a linear regression model as follows:

xk5l1kk f 1ek ; (6)

where xk is the modeled estimate for a given variable from model k, l is a constant to all models, ek is an
independent term specifically related to model k, and f is the standardized common factor (latent variable)
across all models. The regression coefficient kk is called the factor loading for model k that represents how
strongly the observed variable is associated with the common factor. For each variable, f is unique and is
assumed to be normally distributed with zero mean, uncorrelated with kk and a unique variance (Cai, 2012).
The factor loading kk ranges from 21 to 1. Factor loadings close to 21 or 1 indicate that the common factor
strongly affects the variable. On the other hand, factor loadings close to zero indicate that the common fac-
tor has a weak effect on the variable. In other words, if a model has a factor loading close to 1, it indicates
that the model output is very close to the common factor of the ensemble. If there are two models with fac-
tor loadings close to 1, it means that the two model outputs are similar to each other. However, if a model
has a negative factor loading, it indicates that the model output has a trend opposite to the common factor
of the output ensemble (the model output is dissimilar to others). In the following sections, we employ the
latent variable model at different time scales to examine the similarity/dissimilarity of LSMs.

To quantify the accuracy of model estimates, the anomaly RMSE metric is used for Qle and Qh whereas the
anomaly correlation (anomaly R) measure is used for RZMC, Q, and TWS. Since the gridded runoff is com-
pared against the routed streamflow, a direct comparison metric such as RMSE is less meaningful. Similarly,
consistent with prior studies (Kumar et al., 2012, 2014), we employ the anomaly R metric to evaluate RZMC
given the significant differences in the climatologies of the soil moisture fields from each model and the ref-
erence data sets. The anomalies are computed by subtracting the monthly mean climatology of each vari-
able from the corresponding daily average raw data. In using the anomaly based metrics, the skill of the
mean seasonal cycle is excluded in the accuracy quantifications.

3. Results

3.1. Intermodel Similarity Assessment
Figure 1 shows a comparison of the average anomaly correlation (R) among the eight LSMs for the daily
averaged Qle, Qh, Q, RZMC, SWE, and TWS. These plots are generated by first computing an 8 3 8 matrix of
anomaly R values for different pairs of model comparisons (Noah28 versus Mosaic, Noah28 versus VIC,
Noah28 versus Noah36, and so on), for each variable. Each panel in Figure 1 shows the average of the off-
diagonal elements of the 8 3 8 matrix, representing the intermodel correlations. These average anomaly R
maps essentially represent a first order estimate of where the constituent models agree with each other
and by how much. For example, for Qle, there are both areas of strong agreements (Central and Southwest
U.S.) and disagreements (Southeast, mountainous regions in the Western U.S., urban areas), whereas in the
Q comparison, the models show large disagreements in the Western U.S. and better agreements in the East-
ern U.S. Figure 1 also shows the spatial distribution of the average anomaly R for each variable. Overall, the
model estimates are most dissimilar in their runoff estimates and most similar for TWS, RZMC and SWE esti-
mates. The level of agreements and disagreements is moderate for the energy budget terms of Qle and Qh.

To quantify the spatial variability of the intermodel similarity, the K€oppen-Geiger climate classification is
used to stratify the average anomaly R maps into 10 different climatic zones. Figure 2 (top) shows the
updated K€oppen-Geiger climate classification for the NLDAS-2 domain, which is based on the 0.58 global cli-
mate map, generated using 50 years (1951–2001) of climate observations (available online at http://koep-
pen-geiger.vu-wien.ac.at/present.htm). There are five main climate zone groups in the K€oppen climate
classification scheme. They are A, equatorial; B, arid; C, warm temperate; D, snow; E, polar. Within each of
these primary climate zones, further categorization based on precipitation and temperature regimes are
included. Because of very small coverage over the NLDAS-2 domain, a number of these climate zones from
the original data have been merged into other categories, the details of which are shown in Table 2.
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Figure 2 (bottom) shows the variability of average anomaly R values across K€oppen-Geiger climate classifi-
cation zones Koppen (2011). For Q, the average anomaly R values are generally larger (i.e., the LSMs agree
with each other more) in the warm temperate zones (Cfa, Cfb, and Csb) relative to the arid zones (BSh, BSk,
BWh, and BWk). The warm temperate and humid zones (Cfa and Cfb) receive more precipitation compared
to the arid zones and the runoff generation is generally dependent on the soil moisture alone. In the cold
regions (Dfa, Dfb, and Dfc), more variability in the average anomaly R values is seen with a gradual decrease
in the agreement among models in colder regions. The stratification of the average R values for fluxes (Qle
and Qh) shows similar behavior across the climate zones with greater agreement among the models in the
arid zones and greater disagreements among the models in the cold regions. Compared to the dry regions,
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Figure 1. Average anomaly correlation among the eight LSMs for latent heat flux (Qle), sensible heat flux (Qh), total runoff (Q), root zone soil moisture (RZMC), and
snow water equivalent (SWE). The bottom right figure shows the distribution of the average anomaly R across the domain for each variable. The anomaly R values
are computed using daily averaged time series for each variable.
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vegetation and cold season processes are more impactful in the surface energy partition in the warm tem-
perate and cold regions, leading to larger dissimilarity among the models. For SWE, the models show high
levels of similarity, especially in the cold regions. Highest average anomaly R values for SWE are seen in the

Figure 2. (top) Simplified K€oppen-Geiger climate classification zones for the NLDAS-2 domain and (bottom) average
anomaly R values for five variables stratified using the K€oppen-Geiger climate classification zones over the NLDAS-2
domain.

Table 2
Remapped K€oppen-Geiger Climate Classification Zones in the NLDAS2 Domain

Original Updated
classification classification

Equitorial climate (Af, Am, As, Aw) ! Fully humid warm temperate with hot summer (Cfa)
Snow climate with dry and cool summer (Dsc) ! fully humid snow climate with cold summer (Dfc)
Polar tundra (ET)
Snow climate with dry and warm summer (Dsb) ! Fully humid snow climate with warm summer (Dfb)
Snow climate with dry winter and warm summer (Dwb)
Snow climate with dry winter and hot summer (Dwa) ! Fully humid snow climate with hot summer (Dfa)
Warm temperate climate with dry winter

and warm summer (Cwb)
! Bsk (North of 308N)

Bsh (South of 308S)
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Dfa and Dfb zones, cold regions dominated by warm summers. Figure 2 shows high levels of agreement
among the LSMs for RZMC estimates, particularly in the arid and warm zones. The level of similarity reduces
in the cold regions, especially in the regions with prolonged winter (Dfc). Similar to RZMC, the average
anomaly R values for TWS are also high across different climate zones, as RZMC is the primary contributor
of TWS variability in most LSMs.

Figure 3 shows three different temporal stratifications of the average anomaly R calculations. The top row
indicates boxplots of the distributions of anomaly R values for warm and cold days, where a warm day is
defined to be when the daily averaged NLDAS-2 forcing 2 m air temperature is greater than 273.15 K. The
models show increased agreement for Qle, Qh, Q, RZMC, and TWS during warm time periods whereas for a
cold season process such as SWE, greater agreement among the models is observed for cold days. The mid-
dle row of Figure 3 shows the distribution of the average anomaly R values stratified for wet (when total
precipitation is >0) and dry days. The models show comparable levels of agreement in Qle, Q, SWE, RZMC,
and TWS, for both dry and wet days whereas the Qh estimates among the models show more dissimilarity
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Figure 3. Temporal stratification of the intermodel average anomaly R values. (top) The stratification for cold and warm
days, (middle) the stratification for dry and wet days, and (bottom) the stratification for four (DJF, MAM, JJA, and SON)
seasons.
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over wet days. Finally, the bottom row shows the stratification of the average anomaly R values for four sea-
sons. Similar to the trends seen in the top row, estimates of Qle and Qh fluxes among the models are most
dissimilar during the winter time periods. For SWE, RZMC, and TWS, the model estimates differ most during
the spring melt time periods (MAM). In general, the distribution of TWS is similar to that of RZMC in these
temporal stratifications, confirming the prominent contribution of the soil moisture term in the LSM TWS
estimates. The influence of SWE to the TWS calculation can be noted in the warm-cold stratification where
the TWS distribution is similar to RZMC, but with a noticeably larger range.

3.2. Factor Analysis
Comparison of the average anomaly R maps presented in the previous section provides an overall measure
of the similarity among the LSMs for different variables. In this section, a latent variable model is employed
to isolate the level of similarity of each LSM to the common factor across all models. Specifically, the factor
loadings (kk) quantify the level of closeness of each individual model estimate to the common factor across
all LSMs. High factor loading values indicate a close association of the individual model estimate to the
common factor and values closer to zero indicate a weak association with the common factor.

Figure 4 shows the spatial maps of the factor loadings for Qle computed based on the daily anomalies of
the LSMs. Note again that SAC does not calculate Qle (or Qh) and SAC is not included in the calculation of
the factor loadings for Qle and Qh. Overall, Noah36, CLSM25, and NoahMP have high factor loadings among
the LSMs, whereas Noah28 and Mosaic LSMs show large spatial variability in the range of values. The factor
loading patterns are relatively uniform in the VIC403 LSM whereas the new version of the model (VIC412L)
shows larger values, suggesting that the VIC412L model estimates are closer to the common factor. Com-
pared to the Southeast U.S., larger factor loadings are generally observed over the Southwest U.S. for most
LSMs, indicating that the individual model estimates are closer to the common factor in water limited
domains, whereas they differ more in energy limited domains, with VIC403 as the notable exception that
does not show such a contrast. The factor loadings also show more variability over areas where cold season
processes are prominent.

A similar comparison of the factor loadings for Qh from individual models are shown in Figure 5. Similar to
the trends in Figure 4, the newer LSMs, especially Noah36, CLSM25, and NoahMP show larger factor load-
ings. For Noah36 and NoahMP, there is little spatial variability in the factor loadings. Generally, the models
tend to differ more from the common factor over the water limited domains (Southwest) compared to the
energy limited domains (Southeast). The notable exception to this trend is VIC412L, which shows a high
degree of agreement with the common factor in the Southeast and Southwest (especially over California
and Arizona) U.S. based on the average factor loading values. Overall, VIC403 is the most dissimilar model in
the surface flux comparisons. Figures 4 and 5 also indicate that there are significant differences in the spa-
tial distribution of the factor loadings for Qle and Qh between the NLDAS-2 operational models and the
newer LSMs. The areas of similarity and dissimilarity are distinct in factor loading maps of the NLDAS-2
operational models, with the relative agreement with the common factor stronger in the dry and warm cli-
mates and weaker in the colder climate regimes. Such contrasts in the factor loadings are less distinct in the
newer LSMs, when stratified based on the K-G climate zones (not shown).

Figure 6 shows the factor loading spatial maps of the LSMs for Q. Overall, the LSMs fall into two distinct
groups with the NLDAS-2 operational models showing weak associations to the common factor and the
new LSMs showing closer alignments. Across the NLDAS-2 operational models, larger factor loadings are
obtained over the Southeast U.S. and over the West Coast, whereas smaller factor loadings are seen over
the Central U.S. In contrast, the newer LSMs show strong agreement with the common factor over the Cen-
tral U.S., with smaller factor loading values over the Southeast and West Coast. Based on the average factor
loading values, Noah28 and Mosaic LSMs show largest departures from the common factor whereas
VIC412L shows the strongest agreement. When the factor loadings for each model are stratified based on
K-G zones, the NLDAS-2 operational models show stronger agreement in the warm and temperate zones
(Cfa, Cfb, and Csb) compared to the dry and cold regimes (not shown). The new LSMs, however, show less
contrast between different climatic regimes with the generally high degree of agreement with the common
factor.

For RZMC, Figure 7 shows the spatial maps of factor loadings for the LSMs. Relative to the factor loading
comparisons of Qle, Qh, and Q, all models generally show strong agreement with the common factor
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(VIC412L with the largest average factor loading and CLSM25 the lowest). The contrast between the NLDAS-
2 operational LSMs and the newer LSMs is less obvious in this comparison. The most significant differences
in the factor loadings are observed in regions where cold season processes play an important role. The
stratification of the factor loadings to the K-G zones confirms these trends (not shown).

Figure 8 shows the factor loading comparison across the LSMs for SWE. Similar to the case for root zone soil
moisture, the models show strong agreement with the common factor. Over the dry and warm zones, the
agreement among the LSMs is strong. Over the cold regions, CLSM25 shows the largest departures from
the common factor. The temporal variations of CLSM25 SWE estimates are weakly relevant to the common
factor of the SWE ensemble. Overall, Noah36 and CLSM25 show the closest alignment and dissimilarity,

Figure 4. Factor loadings of the land surface models for latent heat flux. Values near 1 indicate a strong association of the particular LSM to the common factor
shared by the LSMs and values near zero indicate weaker association of that model with the common factor.
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respectively, with the common factor. Finally, Figure 9 shows the factor loadings for TWS. All models show
very strong agreement with the common factor. This is not surprising given that soil moisture and SWE
components are the primary components of TWS, which also show high factor loading values. These trends
are also consistent with prior studies (Xia et al., 2017) that have established that soil moisture is the primary
contributor to TWS in most traditional LSMs.

A summary of the analysis of factor loadings are presented in Figure 10, which shows a spatial map of the
LSM that is most similar and dissimilar to the common factor, for each variable. For surface fluxes, the stron-
gest association with the common factor is shown by NoahMP over the Eastern U.S. and Highplains,
CLSM25 over the Southeast and parts of Western U.S., whereas Noah.3.6 is dominant at other regions. On
the other hand, the weakest association with the common factor (for Qle and Qh) is shown by the NLDAS-2
operational models, mainly VIC403 and Noah.2.8. The strong association map for Q shows large spatial

Figure 5. Similar to Figure 4, but for sensible heat flux.
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variability and the weak association map for Q is dominated by Mosaic and CLSM25. Interestingly, CLSM25
features prominently in both the strong association map (parts of Central and Western U.S.) and the weak
association map (Southeast U.S., West Coast). The strong association map for RZMC encompasses most
models, whereas the weak association map is dominated by NoahMP and CLSM25. In the map for SWE in
Figure 10, NoahMP and Mosaic show the weakest alignment with the common factor over the Highplains
and CLSM25 over other regions. The strong association map of SWE is dominated by Noah36. Reflective of
the trends in RZMC and SWE, the TWS strong and weak association maps encompass most LSMs. The com-
parison of the factor loadings for different variables presented above indicate that the level of association
of constituent models to the common factor varies significantly based on the LSM, climate regime and the
variable, though the driving meteorology is the same. It also indicates that the contribution of a particular
LSM to the overall ensemble also depends on the variable under consideration.

Figure 6. Similar to Figure 4, but for total runoff.
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4. Similarity Assessments at Different Time Scales

The NLDAS-2 outputs are used for a variety of modeling and research applications ranging from watershed
and water quality management to drought and flood monitoring. As the relevant time scales of these pro-
cesses vary significantly, it is important to assess the usefulness of the ensemble at different time scales. An
evaluation of the model similarity at monthly time scale is presented in this section.

Figure 11 shows a comparison of the distribution of the factor loadings for each model computed based on
the daily and monthly anomaly correlations. In most cases, the density of grid points with weak association
with the common factor reduces and the factor loadings distribution shifts to the right when the time scale
of computations is switched from daily to monthly scale, indicating that the LSM estimates get closer to the
common factor at the monthly scale. A notable exception is the comparison for CLSM25, where the

Figure 7. Similar to Figure 4, but for root zone soil moisture.
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distribution of factor loadings for Qh, Q, and RZMC are comparable at both time scales, whereas Qle and
SWE estimates are closer to the common factor at the monthly time scale. The analysis suggests that the
estimates from the NLDAS-2 operational models and the newer LSMs are more similar at the monthly scale.
In other words, the individual contribution of the constituent models to the ensemble is significantly lower
at the monthly time scale.

5. Evaluation of Model Similarity in Relation to Accuracy

The factor analysis presented in the previous sections is a quantitative way to assess the relative contribu-
tion of the constituent models to the ensemble. The utility assessment of a model to the ensemble, how-
ever, must also consider the accuracy of the estimates. Ideally, the ensemble must be composed of models

Figure 8. Similar to Figure 4, but for snow water equivalent.
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that encompass different regimes in the similarity space, but with high accuracy. In this section, we present
a trade-off analysis that compares the models in relation to their accuracy and similarity.

The model performance is quantified as a function of two factors: (1) the model similarity and (2) the model
accuracy for these three variables. Figure 12 shows a heatmap/density of grid points as a function of these
two factors for latent heat flux. In order to compare different models, the factor loadings values of each
LSM are normalized based on their max/min values and are used as analogs for normalized similarity (NSi),
with values ranging from 0 to 1 (equation (7)), where k represents a given LSM and ki

max and ki
min are the

maximum and minimum factor loading values across all LSMs, at a given grid point i. Similarly, the anomaly
R (for RZMC and TWS; equation (8)) and anomaly RMSE (for Qle, Qh, and Q; equation (9)) values are normal-
ized to generate a normalized accuracy (NAi

aRMSE and NAi
aR) measure with a range of 0–1. Note that higher

the factor loading, the normalized similarity values are closer to 1 and the lower the factor loading value,
the NS values get closer to 0. Similarly, normalized accuracy values closer to 0 and 1 indicate estimates with

Figure 9. Similar to Figure 4, but for terrestrial water storage.
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Figure 10. Map of LSM most (left column) similar and (right column) dissimilar to the common factor, for Qle, Qh, Q, RZMC, SWE, and TWS.
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low and high accuracy, respectively. In the trade-off maps based on these normalized measures, the top
right corner represents areas with high accuracy and high similarity and the bottom left corner represents
areas with low similarity and low accuracy.
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min
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Figure 12 shows that for latent heat flux, the NLDAS-2 operational models span a broader range of the
similarity-accuracy (S-A) space and the newer LSMs show a reduced coverage. For example, Noah28 encom-
passes a wider range of similarity with moderate accuracy levels. The similarity span is significantly reduced
in Noah36 and NoahMP and they show an increase in the density of grid points with moderate accuracy
and high similarity. The Mosaic LSM, on the other hand, shows considerable spread over areas with low/
moderate accuracy. CLSM25 performance is similar to the Noah LSMs, with a large density of points in the

Figure 11. Distribution of the factor loadings for each LSM computed based on daily and monthly anomaly R values.
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Figure 12. Density of grid points mapped as a function of the normalized similarity (x axis) and normalized accuracy
(y axis) for latent heat flux.
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right part of the S-A space. The comparison of two different versions of the VIC model shows that the newer
version of the model leads to an increased association with the common factor and an increase in the num-
ber of locations with improved accuracy.

Density maps similar to Figure 12 can be developed for Qh, Q, RZMC, and TWS (provided in the supporting
information). The performance of the models in the S-A space is summarized in Figure 13, which shows the

Figure 13. Model with the dominant span in each region of the normalized similarity (x axis) and normalized accuracy
(y axis) for Qle, Qh, Q, RZMC, and TWS.
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model with the dominant span in each region of the S-A space for Qle, Qh, Q, RZMC, and TWS. In the Qle
comparison, the NLDAS2 operational models (Noah28, Mosaic, and VIC) span the region with the low simi-
larity and low to medium accuracy. As seen in Figure 12, Noah36, NoahMP, and VIC412L span the high simi-
larity and high accuracy regions. Similar behavior is seen in the S-A space for Qh. In the RZMC comparison,
Noah36 estimates have increased similarity to the common factor and increased accuracy relative to
Noah28 (Noah28 mostly spans the low similarity and low accuracy region whereas Noah36 spans the region
of high similarity). Compared to Mosaic, CLSM25 shows an increase in the density of points in the high accu-
racy space and an increased association with the common factor. There is significant reduction in the per-
formance of VIC412L relative to that of VIC403. VIC412L mostly covers regions with low and medium
accuracy and VIC403 encompasses regions with high accuracy though the similarity assessments of both
models are comparable. The SAC model performance is similar to that of Noah36, spanning the regions of
high similarity. Across all models, NoahMP shows the largest span in the similarity space with a large density
of grid points with high accuracy. The S-A assessments for Q shows different trends relative to the Qle and
RZMC comparisons. Generally, SAC shows the best performance, spanning the regions of high accuracy and
low similarity. The VIC models also show high accuracy in their S-A space spans, whereas the Mosaic model
encompasses the low similarity and the low accuracy regions. Among the models, CLSM25 shows the low-
est skill and NoahMP and Noah36 span high similarity regimes. For TWS, CLSM25 shows the largest span in
the similarity space with high accuracy, presumably because it is one of the LSMs that models groundwater
storage. On the other hand, NoahMP (the other LSM with shallow groundwater formulations) spans the
high similarity and low-medium accuracy space. The NLDAS operational models generally span the region
of low to medium accuracy of the TWS S-A space. Note that in these plots, only the model with the highest
density in a region is shown, though other LSMs may have comparable performance. Nevertheless, Figure
13 is helpful in indicating the relative strengths and weakness of the models in being able to produce skill-
ful estimates without becoming too similar to the common factor.

6. Summary

Multiple land surface models are used in projects such as NLDAS to develop estimates of model prediction
uncertainty and to increase the overall skill of the model predictions through the use of the ensemble. Due
to differences in model physics and parameterizations, estimates of land surface processes from these mod-
els vary. As a result, the constituent models within an ensemble will have varying levels of similarity for dif-
ferent output variables. If the model outputs from different LSMs are too similar, their utility to the overall
ensemble is low. Conversely, if the constituent models are deficient in their formulations and parameteriza-
tions, the individual model estimates could be very different from each other. In such instances, the outlier
models may not be good choices for a multimodel ensemble. It is therefore important to understand the
level of similarity and dissimilarity between models relative to the quality of their model predictions. This
article provides such a quantitative evaluation of the similarity of model outputs from a suite of LSMs in the
NLDAS-2 configuration.

A confirmatory factor analysis that describes the variability across the constituent models within the ensem-
ble through the development of unobserved latent, common factors is used for assessing model similarity
across the models. In addition to the four operational NLDAS-2 models, four additional models that repre-
sent newer versions and modern advancements in the model physics are considered in this analysis. All
models are forced with the same meteorology and evaluated over an 11 year time period from 2002 to
2012. The analysis in the article focuses on five variables (latent heat flux, sensible heat flux, total runoff,
root zone soil moisture, and snow water equivalent) that represent some of the key components of the ter-
restrial water and energy budgets. For the sake of uniformity, all analyses are conducted in the anomaly
space of the variable, ignoring the skill of the mean seasonal cycles. The main output of the factor analysis
is the factor loading for each model, which is an estimate of how well the estimates from that model agrees
with the factor common to all the LSMs. Factor loading values close to zero indicate that the model esti-
mate has a weak association with the common factor, whereas departures from zero indicate that the
model estimate is strongly associated with the common factor.

An assessment of the intermodel similarity for each variable is first developed by comparing the average
anomaly R among the 8 LSMs at the daily time scale. The Q estimates were most dissimilar whereas RZMC,
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SWE, and TWS estimates showed high degree of similarity. A stratification of the inter model similarity
based on K€oppen-Geiger climate classification zones indicated varying levels of similarity and dissimilarity
for different variables. Generally, the models showed greater agreement among themselves when the con-
tributing physical mechanisms did not involve multiple processes. For example, the runoff estimates
showed greater agreement in arid zones, where soil moisture is the primary controlling factor in runoff gen-
eration. Similarly, the surface fluxes showed greater level of agreement in the warm temperate zones, and
SWE estimates were more similar in the cold zones. Temporal stratification of the intermodel similarity also
indicated similar trends. The surface fluxes showed greater agreement during the warm time periods
whereas SWE estimates were more similar across the models during the cold season.

The factor loadings help to characterize modes of similarity among ensemble members. Generally, in the
comparison of the factor loadings, the newer models show stronger association with the common factor
whereas larger spatial variability in the factor loadings is seen with the NLDAS-2 operational models. For
surface heat fluxes and total runoff, the new LSMs and the operational LSMs fall into two distinct groups
with the former showing strong association with the common factor and the latter showing weak associa-
tion. For RZMC, SWE, and TWS, no such obvious contrasts are seen across the models. A map of the contri-
bution of the constituent models toward the ensemble based on their level of association with the
common factor shows large variability with different LSMs demonstrating dominant contributions based on
the variable of interest. The analysis of the factor loadings at the monthly time scale shows that the level of
similarity among the models significantly increases at longer time scales.

A quantitative assessment of model similarity alone is not sufficient to determine a model’s usefulness to
the ensemble. The article also presents a trade-off analysis with a simultaneous assessment of model accu-
racy and similarity. Overall, the NLDAS-2 operational models display larger spread in the similarity-accuracy
space. The new LSMs encompass a narrower region of the S-A space with increased similarity and accuracy,
with some exceptions. For example, the RZMC estimates are less accurate with higher levels of similarity
with the common factor for the new version of the VIC model.

Overall, the analysis presented in this article is a useful way to assess the contribution of the constituent
models within an ensemble. This is particularly relevant for multimodel projects such as NLDAS where the
ensemble is used for a variety of applications at different time scales. As new models and model configura-
tions are introduced, a simultaneous assessment of similarity and accuracy can be conducted to benchmark
their utility. Acceptable benchmark thresholds in the similarity and accuracy space can be established as for-
mal criteria for the selection of a model within an ensemble. Such benchmarks can also be used to guide
future model development, which has traditionally been driven by accuracy requirements alone. For exam-
ple, it is conceivable that instead of employing multiple LSMs, sufficient spread in the similarity with high
accuracy can be achieved by sampling the model parameter space of a single model. This study serves as a
benchmark for such future research.

It must be clarified that the article focuses on an information-based similarity analysis. A similar distance-
based similarity analysis can be developed by focusing on a direct comparison of the variables from the
LSMs (rather than a comparison of anomalies) and by using distance-based metrics such as mean squared
error rather than correlation. In addition, the composition of the ensemble also affects the results. For exam-
ple, if only the NLDAS operational models are used in the similarity quantification, the results may indicate
that they show strong association with the common factor across those four LSMs. The results also show
that factors such as climate regime, variable and time scale of interest, model similarity and accuracy must
be considered in the utility assessment and the development of multimodel ensembles.
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