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Abstract Understanding the water balance of a catchment in relation to its regional climate forcings and
catchment characteristics is critical for predicting current and future water resources amid changing climate and
land cover. This study intends to improve Zhang's monthly water balance model (a physics-based conceptual
hydrologic model) that reflects the physical partitioning process of the hydrological cycle at the basin level
based on regional climate and catchment characteristics. The existing model does not include snow process

and has confronted evident limitations in snow-affected areas, which is a critical aspect since snowmelt water
has been a significant source of water resources for many regions, especially in the temperate and frigid zones.
We introduce a snow module based on surface energy balance and Budyko-limits on melting and combine it
with the existing water balance equations. Moreover, monthly parameterization is applied to the model to better
explain the time-varying hydrological characteristics of a catchment. The proposed model involves five different
monthly parameters, which determine the physical partitioning process of the hydrological cycle, and they are
regionally calibrated and validated under Budyko-type constraints. The model is applied to 1,210 basins across
the continental United States (CONUS), and the simulated streamflow is compared to the observed data. The
proposed model significantly outperformed the original model, improving the median NSE by 31% (from 0.51
to 0.67) and increasing the number of catchments with an acceptable NSE by 58%. The spatial variability of the
basin characteristics across the CONUS is also investigated based on the calibrated parameters.

1. Introduction

Sufficient understanding of the hydrological processes and catchment controls is essential for predicting water
availability and enhancing water resources reliability for human society and ecology. In this regard, several crit-
ical studies have shown that the intricate interactions between climatic forcings (precipitation and temperature/
potential evapotranspiration) and catchment characteristics are the dominant controls for the water balance of
a catchment (Eagleson, 1978; Farmer et al., 2003; Milly, 1994; Zhou et al., 2015). Accordingly, hydroclimat-
ic models are often adopted to simplify the complex hydroclimatological process by selectively amplifying a
system's fundamental aspects at the expense of incidental details. Thus, a model is considered ideal when it is
simple enough to understand and use while complex enough to reflect the hydrological process (Anderson &
Burt, 1985). To this end, numerous hydrological models have been developed along with the advances in hy-
drology, data collection, and computational capability (Beven et al., 1995; Fekete et al., 2010; Liang et al., 1994;
Reggiani et al., 2000; Thomas, 1981; Thornthwaite, 1948; L. Zhang et al., 2008).

An empirical study conducted by Budyko (1961) estimates the long-term water balance by introducing a simple
supply-demand relationship between the long-term available surface energy and water. Also known as Budyko's
framework, this concept has been used to build water balance models. The significance of such water balance
models lies in the fact that they generally explain the fundamental aspects of a hydrological process sufficiently
with a relatively small number of inputs and model parameters (Koster & Suarez, 1999; Milly, 1994; Sankarasu-
bramanian & Vogel, 2002). As the water demand continues to increase, there has been a growing interest in pre-
dicting water availability for ungauged watersheds (Franks et al., 2005; Sivapalan et al., 2003). However, quanti-
fying the impacts of climate variability and land-use/land-cover changes on hydrology and predicting streamflow
in these ungauged catchments have remained challenging (Sivapalan et al., 2003; L. Zhang et al., 2004). Sub-
sequently, Budyko-based models have been gaining attention since they have the potential for monthly runoff
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predictions or impact assessment of land-use/land-cover changes in ungauged catchments by taking advantage of
its parameter parsimony (Sankarasubramanian et al., 2020; L. Zhang et al., 2008).

Budyko-based water balance models at longer timescales (annual to decadal) have shown a good performance (Li
etal., 2013; Padrén et al., 2017; Yang et al., 2007) and have been further improved by introducing additional con-
trols, including soil-moisture holding capacity, rainfall seasonality, vegetation characteristics, snow ratio, and hu-
man influences (Sankarasubramanian et al., 2020; Sankarasubramanian & Vogel, 2002; L. Zhang et al., 2001; D.
Zhang et al., 2015). Extending these Budyko-based water balance models to finer timescales requires the incor-
poration of additional processes. L. Zhang et al. (2008) argued that rainfall variation, potential evapotranspiration,
and water storage must be considered when modeling water balance at sub-annual timescales. In response, they
proposed a sub-annual water balance model with a multi-layer structure to comprise storage control and mimic
the physical partitioning process. Based on a top-down approach (Sivapalan & Young, 2006), the proposed model
extends the "supply-demand" concept of Budyko's framework for two critical partitioning processes—separation
of precipitation into catchment retention and direct runoff, and separation of water availability into evapotranspi-
ration, soil moisture storage, and groundwater recharge. The partitioning process of the model is controlled by
four efficiency and partitioning parameters in total, and each of these parameters represents a hydrological char-
acteristic of a catchment. This parsimonious physics-based structure of Zhang's dynamic water balance model
(ZDWBM) provides an advantage over other hydrologic models that simulate monthly water balance (Mouelhi
et al., 2006; Vandewiele & Xu, 1992; Wang et al., 2014; Xiong & Guo, 1999). The abcd model, proposed by
Thomas (1981), involves a partitioning process comparable to that of the ZDWBM, but the evapotranspiration
and baseflow are treated differently. Moreover, the ZDWBM allows both linear and nonlinear relationships (as
the process demands) during the partitioning, whereas the abcd model only allows nonlinear relationships.

Although several studies have confirmed ZDWBM's capability in predicting monthly runoff for various regions
(P. Bai et al., 2015; Tekleab et al., 2011; L. Zhang et al., 2008), the model is found to perform poorly in many
watersheds across the continental United States (Petersen et al., 2018). It is especially true for regions where
snowmelt plays a significant role—the model performance degrades as catchment elevation and latitude increases
(Petersen et al., 2018). Such underperformance in those regions reflects the limitation of the model without snow-
melt controls. This limitation could be a critical aspect since snowmelt is often considered a significant water
source for many catchments (Barnett et al., 2005; Stewart et al., 2005). Therefore, improvements to the ZDWBM
are required to account for snowmelt effects in the hydrological cycle.

Several studies included snow components in Budyko-based models, but they are mostly based on a simple
temperature-based model (Deng et al., 2018; Martinez & Gupta, 2010), degree-day method (J. Bai et al., 2018),
or for long-term scales (D. Zhang et al., 2015). These methods require multiple additional parameters, may be
insufficient to represent the actual snow melting, or excessively increase the model's complexity. Here, we first
explore the limitations of ZDWBM in modeling monthly water balance based on more than 1,200 unmodified
basins across the continental United States and propose a novel snow module for improving the model, extending
the supply-demand concept of Budyko's framework based on the surface energy balance. The proposed snow
module introduces only one additional parameter, minimizing the increase in model complexity. The augmented
model with snow module is also tested with monthly parameters to represent the seasonal variability of catchment
characteristics better.

2. Data Description

For this study, we only focus on unmodified basins and thus employ a hydroclimatological dataset developed by
Vogel and Sankarsubramanian (2005), which contains lumped-average monthly precipitation, temperature, and
potential evapotranspiration of the continental United States (CONUS) catchments. The dataset was developed
for catchments where monthly streamflow measurements are also available from the Hydroclimatic Data Net-
work (HCDN) database, developed by Slack et al. (1993). HCDN catchments are found to be minimally affected
by human influences, which makes them specifically suitable for exploring surface-water conditions under fluc-
tuations in prevailing climatic conditions (Slack et al., 1993). A detailed description of the HCDN data set can be
found in Vogel et al. (1999), Vogel and Sankarasubramanian (2000), and Sankarasubramanian and Vogel (2002).
We focus on HCDN basins across the CONUS, and they are classified into three groups: snow-dominated basins,
snow-affected basins, and basins least affected by snow (Figure 1). The classification is based on a snow-factor
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Figure 1. Spatial distribution of the selected HCDN basins across the continental United States.

index (R) which measures the proportion of snow to streamflow in a catchment (Barnett et al., 2005). Here we
calculated R as a unitless index by dividing the mean annual snow-water equivalent (SWE) of snowfall [L] (i.e.,
the amount of water substance contained within snowfall) by the area normalized mean annual streamflow [L].
The procedure of determining SWE of snowfall is presented in Section 3.2. One may define snow basins by cal-
culating the ratio of SWE to precipitation instead of streamflow, as it may better represent the control of snow on
the water budget of the basin. However, as this study focuses on improving an existing runoff model, especially
for snow affected basins, we insist on calculating R based on streamflow since it may better represent areas where
the existing model may perform poorly. The annual-basis calculation of R is assumed to represent the long-term
contribution of snow to runoff. Based on this calculation, most of the catchments in CONUS show R values be-
tween 0 and 1. Catchments with R > 0.4 are classified as “snow-affected,” and those with R > 0.5 are categorized
as “snow-dominated.” Based on this measure, 41% of the selected HCDN basins are at least snow-affected, and
more than 28% are snow-dominated. The snow-factor index is computed based on the precipitation data, follow-
ing the procedure presented in Section 3.3.

2.1. Streamflow Data

The HCDN database contains daily mean streamflow for 1,659 HCDN basins across the United States. It is
subjected to six different criteria for quality assurance by the United States Geological Survey (USGS): (1)
Availability of data in electronic form—data is available in electronic format; (2) Breadth of coverage—records
from any station for any water year through 1988 are considered; (3) Length of record—record lengths are at least
20 years unless the record is available for a uniquely located surface-water gauging station; (4) Accuracy of the
records—accuracy ratings of records are at least “good” as defined by USGS standards, which could be found
in the USGS Water-Data Reports for each State, published annually, as well as in the report by Rantz (1982); (5)
Unimpaired basin conditions—there is no overt adjustment of “natural” monthly streamflows by any form of reg-
ulations; (6) Measured discharge values—only measured discharge values are tabulated, whereas reconstructed
or estimated records are not used. Streamflow records vary by catchment, ranging from 1874 to 1988, with an
average record length of ~44 years. For this study, we only considered basins with continuous streamflow data for
at least 10 years between 1957 and 1988, and this criterion yielded 1,210 HCDN basins for further investigation.
The average record length of the selected sites is approximately 31 years.
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2.2. Climate Forcings Data

Vogel and Sankarasubramanian (2005) compiled a monthly climate dataset containing lumped average monthly
minimum and maximum temperature, precipitation, and potential evapotranspiration for 1,376 HCDN water-
sheds. The lumped average temperature and precipitation data were derived by using the Precipitation Elevation
Regression on Independent Slopes Model (PRISM) climate analysis system (Daly et al., 1994). PRISM distrib-
utes point measurements to evenly spaced 2.5 min (~4 km) grids while accounting for orographic effects and
other elevation-related effects. It should be noted that the HCDN precipitation data includes both rainfall and
snow water equivalent without any distinction. Monthly potential evapotranspiration data were computed using
the Hargreaves method (Hargreaves & Samani, 1982). The Hargreaves method estimates PET based on an em-
pirical equation that is a function of air temperature and extraterrestrial radiation. Extraterrestrial solar radiation
was estimated for each HCDN basin by computing the solar radiation over 0.1° grids using the method introduced
by Duffie and Beckman (1980) and then summing those estimates over the entire basin (Sankarasubramanian
& Vogel, 2002). The Hargreaves method was the highest ranked temperature-based method for computing po-
tential evapotranspiration reported in American Society of Civil Engineers (ASCE) Manual 70 analysis (Jensen
et al., 1990).

3. Methods
3.1. Zhang's Dynamic Water Balance Model (ZDWBM)

Budyko (1961) has inferred a functional relationship between atmospheric demand, water supply, and water bal-
ance for longer time scales, assuming the water storage component is negligible under a steady state. This idea can
be applied to unmodified catchments by considering precipitation (P) as the water available, and potential evapo-
transpiration (PET) as the atmospheric demand. Under dry conditions, where PET is significantly greater than P,
the actual evapotranspiration (ET) is limited by P. During wet periods, meanwhile, PET is extremely less than P.
Thus, ET would be limited by PET. This supply-demand limit concept of Budyko's framework can be expressed as

ET = f(P, PET)

When PET PET

- 0

> 1(dry conditions), ET — P as

PET

When 5 < 1(wet conditions), ET — PET as PET -0

Budyko's framework is recognized as a Darwinian approach because of this empirical nature of understanding
the overall hydrological process from observations and a constitutive equation (Harman & Troch, 2014; Wang
et al., 2016). Due to its simplicity, several studies have attempted to develop a water balance model based on this
framework (Chen et al., 2013; Greve et al., 2015; D. Wang & Tang, 2014; L. Zhang et al., 2008) and tested various
mathematical equations (Budyko et al., 1974; Fu, 1981; Pike, 1964; Schreiber, 1904; L. Zhang et al., 2001) that
comply with this concept. Fu (1981) has proposed an equation (F) through mathematical reasoning to describe
this functional relationship between mean annual P, ET, and PET as

i

ET PET PET PET\™
— =F|—,a|=14— -1+ | —

P < > ( P ) M
where P, PET, and ET are mean annual precipitation, potential evapotranspiration, and evapotranspiration,
respectively, while « is the model parameter that ranges from O to 1. Arguing that Fu's equation outperforms other
similar equations in estimating mean annual evapotranspiration (L. Zhang et al., 2004), L. Zhang et al. (2008)
have incorporated this equation into Budyko's framework to develop a water balance model that could reflect the
physical partitioning process. This combination of Darwinian approach and physical partitioning process enables
Zhang's dynamic water balance model (ZDWBM) to achieve parameter parsimony, making the model suitable
for ungauged catchments.

As the water balance of a catchment becomes highly sensitive to changes in storage at finer timescales, ZDWBM
takes storage controls into account to make itself suitable for sub-annual time scales. The storage controls consist
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Figure 2. Diagram of the hydrological partitioning process of the ZDWBM (left) and the corresponding flowchart (right).

of two different water volumes—soil-moisture storage and groundwater storage. The soil-moisture storage is
the water in the vadose zone sensitive to the atmospheric demand and likely to evaporate or transpire. In con-
trast, groundwater storage is mainly controlled by the soil-moisture dynamics. Besides, ZDWBM generalizes the
method of Budyko (1961) estimating ET with a supply-demand framework to model other water balance com-
ponents, which will be shown during this section. A diagram that illustrates the partitioning process and major
hydrological components of ZDWBM is presented in Figure 2 with a simplified flowchart alongside. ZDWBM
mathematically describes the hydrological cycle by starting from partitioning precipitation (P,) into direct runoff
(Q;’) and catchment retention (X,) for any given timestep ¢ as

P =0!+X, 2

where X is defined as catchment rainfall retention, which is the amount of rainfall retained by the catchment for
evapotranspiration (ET,), change in soil-moisture storage (S, — S,—1), and groundwater recharge (R,). This X, can
be modeled with the supply-demand limit concept by presuming its atmospheric demand limit (PX;) as the sum
of potential evapotranspiration (P ET;) and available storage capacity of soil water (S,.x — Si—1), Where S, is a
model parameter that indicates the maximum soil-moisture storage capacity. The water availability limit of X is
approximated as P.. Based on Budyko's framework, therefore, L. Zhang et al. (2008) postulate the relationship
between X;, PX,, and P, as

When % > 1(dry conditions), X; — P, as % -
t t

When % < I(wet conditions), X; - PX, as % -0
t t

and employs Fu's equation to estimate the actual catchment rainfall retention X :

X _ o PX
p- TR " ®)
1 1-a;
B PX, PX,\ ™
Xi=PF 1+_,_{1+<T,> } (4)
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1 -
_ PETI + (Smax - Sl—l) PETI + (Smax - Sl—l) Teay
X, =P|1+ 7 -1+ P )

where «; is defined as retention efficiency that ranges from O to 1. The larger «; is, the more retention and less
direct runoff are expected.

Then, water availability of a catchment (W;) can be estimated following its definition, the combination of X, and
S1_|.'

W, =X, + S (©)
Considering the aforementioned definition of X;, Equation 6 could be rewritten as
W, =ET,+S:+ R, @)

The sum of ET; and S, is referred to as evapotranspiration opportunity (Y;), the potential amount of water that
can evaporate or transpire from the vadose zone (Sankarasubramanian & Vogel, 2002). The atmospheric demand
limit of Y, is approximated as the sum of S, and P ET;, while the water supply limit is the available water W,.
Based on the supply-demand limit concept, L. Zhang et al. (2008) formulated the evapotranspiration opportunity
of a catchment, Y,, with Fu's equation as

Y, Syax + PET,
w o\ — (8

w, W,

1 1—ay

Spax + PET, Spax + PET,\ ™2 '
=W|[l+ ———-r— -1+ | ——
' t W, { ( W, ) } )

where a, is a model parameter defined as the evapotranspiration efficiency that ranges from O to 1.

Meanwhile, the evapotranspiration component ET; is assumed to have an atmospheric limit of potential evapo-
transpiration (P ET;) and a water supply limit of catchment water availability (). Rooted in Budyko's frame-
work and Fu's equation, therefore, ET, is obtained by

ET, _ . ( _PET,
—_t — Tt,az (10)

1 2
_ PET, PET,\ ™
ET =W 1+ =~ _{H(_W, ) } (11)

where «; is the same model parameter from Equation 8. By obtaining Y; and ET,, groundwater recharge R, can
now be estimated by rewriting Equation 7 as

R =W, -Y, 12)

It should be noted that the parameter sharing between Equations 8 and 10 ensures that groundwater recharge R,
is essentially governed by evapotranspiration efficiency a,. That is, larger (smaller) values of a, results in less
(more) groundwater recharge R, in the catchment.

Considering the definition of Y;, soil-moisture storage (S;) can be now determined as:
S; =Y, —ET; (13)
ZDWBM assumes groundwater storage (G;) as a linear reservoir, and thus, groundwater balance is estimated as
G =(01-d)G-1+ R, (14)

0! = d(Gi-1) 15)
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where Q? is baseflow, and d is a model parameter which represents the proportion of groundwater transferred to
the baseflow for each given timestep 7. Finally, the total streamflow (Q,) can be obtained by the summation of
direct runoff Q¢ and the base flow Q? as written as follows:

0, =0'+0" (16)

To summarize, ZDWBM estimates catchment scale sub-annual runoff with climate forcings such as P, and PET;
based on four different model parameters—retention efficiency («), evapotranspiration efficiency (a;), ground-
water coefficient (d), and maximum soil-moisture storage capacity (S,..). These parameters are calibrated based
on four objective functions which determine the dissimilarity between estimated and observed runoff data for
each tested catchment. Each of these objective functions places different weights on errors in low flows, high
flows, time shift between estimated and observed, and mass balance over the period of calibration. A set of pa-
rameter values that minimizes the mean of those four objective functions are assumed to represent the regional
characteristics of the climate and basin.

3.2. Implantation of a Budyko-Based Snow Module to ZDWBM

The idea of Budyko's framework stems from the concept of long-term energy and water balance, which both are
subjected to the principle of conservation, assuming the ground heat and subsurface water storage components are
negligible. The long-term energy and water balance of a catchment can be mathematically expressed, respectively, as

Rn=Lg-ET + Hn (17)
P=ET+0Q (18)

where Rn [M /T?] is the net radiative heat flux from the atmosphere to land surface, Lg [M /L - T?] is the latent
heat of evaporation, ET [L] is evapotranspiration, Hn [M /T?] is the sensible heat, the heat transfer from land
surface to atmosphere, P [L] is precipitation, and Q [L] is runoff. The division of Equation 17 by the latent heat
of evapotranspiration (L) yields an energy-balance constraint on evapotranspiration (ET):

Rn Hn

I, - ET + . 19)
The above equation implies that the maximum possible ET occurs when the sensible heat is negligible, and the
incoming radiative energy is exclusively consumed by ET while the amount of water available for ET is unlim-
ited in the subsurface. This maximum possible evapotranspiration is thus numerically equivalent to Rn/Lg and
is conceptually referred to as potential evapotranspiration (PET) (Budyko et al., 1974; Sposito, 2017; D. Zhang
et al., 2015). As the Hargreaves method estimates PET based on an empirical equation that is a function of air
temperature and extraterrestrial radiation, parameterizing PET in the snow model by surface radiation (Rn) and
specific latent heat (L) is assumed to have a reasonable connection to the concept of PET from the Hargreaves
method. In this regard, we expect there would be minimum or no loss of information from this approximation.

Since ET simultaneously acts as the primary process for both long-term water balance and energy balance as
shown in Equations 18 and 19, it is possible to conclude that a functional relationship between water and energy
balance exists:

ET _ ( PET )

A @0

which is referred to as Budyko's framework as mentioned in the previous subsection.

To improve the existing dynamic water balance model proposed by L. Zhang et al. (2008), especially in snow-af-
fected regions, we developed a snow module that could be implanted into the model. The proposed snow module
takes the effect of snow into account and follows the logic of Budyko's framework as well to preserve the spirit of,
and parameter parsimony that is achieved from ZDWBM. The snow and water balance for any monthly timestep
t are jointly considered as

SF,+SP_ =M, +SP, @1

M, + RF, = ET, + Q, + AS, (22)
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where S'F, [L] is the snow-water equivalent (SWE) of snowfall, S P, [L] is the SWE of snowpack, M, [L] is the
snowmelt, RF, [L] is rainfall, and AS; [L] is the change in soil-moisture storage. Equation 21 indicates that the
given amount of snow is equivalent to the sum of snowmelt and the remaining snowpack, neglecting snow subli-
mation and deposition. We discuss the implications of this assumption in Section 5.2.

Since precipitation from the HCDN database provides the sum of rainfall and SWE of snowfall without any dis-
tinction, each amount of rainfall and snowfall must be determined. Here P, is partitioned into RF, and .S F, based
on the monthly average of daily min and max temperatures (7;"*):

If T* < -0.5°C,then RF,=0 and SF, = P,
If T/ > 40.5°C,then RF, =P, and SF, =0
Else, RF, = P(0.5°C+T"*) and SF, = P(0.5°C - T,"*)

Here the threshold temperatures for the partitioning of precipitation were determined as — 0.5 and 0.5°C, and
the partitioning scheme assumes a linear relationship in phase changes between snowfall and rainfall (Andreadis
et al., 2009; Hamlet et al., 2005; H. Wu et al., 2014). Also, our snow module assumes the ground freezes during
snow accumulating phases. Land surface energy and water balance can be greatly affected by the seasonal freeze
and thaw cycles of the ground. Seasonal freezing of the ground occurs widely across the world to such an extent
that up to nearly 50% of the exposed lands in the Northern Hemisphere may experience seasonal freezing (T.
Zhang et al., 2003). To reflect such aspect in our model, we assume the initial subsurface water storage S,_, freez-
es and becomes a part of the snow contents when the mean temperature (7"**) is less than — 0.5 °C at timestep ¢.
In this case, Equation 21 can be rewritten as

SFE+SP_i+S-1=M+SP 23)

and S,_; (water) becomes 0.

Since the process of melting consumes energy, as does evapotranspiration, the intra-annual energy balance equa-
tion can be expressed in a similar form to Equation 17 as,

Rn,=Lg-ET,+ Lr-M,+ Hn, + G, 24)

where Ly [M /L - T?] is the latent heat of fusion, and G; [M /T?] is the ground heat flux. As both the processes
of snow melting and evapotranspiration simultaneously absorb energy, especially during melting seasons, while
the given amount of Rn, is limited, the maximum possible energy for each phase transition is determined as a
fraction of the incoming Rn,, assuming H n, and G; are fully occupied for the phase transitions. Previous energy
balance studies in different locations argue that net radiation contributes most of the energy available for melting
(Boudhar et al., 2016; Fayad et al., 2017; Mazurkiewicz et al., 2008).

When a substantial amount of energy is supplied to a surface containing snow, both evaporation and melting
start absorbing energy competitively (Miller, 1982). An exact division of the total energy available for the phase
change processes of evaporation and melting is challenging since it involves complex heat and mass transfer
processes of a system with large temporal and spatial variations. An experimental study conducted by Shook and
Gray (1997) argued that more than 90% of the total energy available for phase changes is allocated for melting
rather than evaporation in open environments with continuous snowpacks. At a basin scale, however, snowpacks
are rarely continuous in monthly timescale. Thus, it might be inappropriate to consider this estimate as the abso-
lute fraction for partitioning the total energy for ET; and M,. Instead, we assume net Rn, is partitioned for ET; and
M, based on the mass ratio of water and snow contents in the catchment, respectively:

Rn; = Re; + Rmy (25)

Re; = RF: + Si-i . Rn
"\ SF +SP_ + RF, + S, g (26)

Rm, = Sk + SP- . Rn
""" \SF +SP_ + RF, + S, ' @7
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where Re, [M /T?] and Rm, [M /T?] are the maximum possible energies distributed for ET; and M,, respectively.
This setup yields an energy fraction similar to that from Shook and Gray (1997) for extreme snow-dominating
situations. This calculation method can be considered conceptually reasonable for obtaining a rough estimate of
the energy partition for any generalized case. For example, the proportion of total energy for ET; is expected to
increase when snowpacks become patchy and accompanied by increased air temperature (higher saturation vapor
pressure) and snowmelt water. Meanwhile, when the snowpack accumulates in the presence of low air temper-
ature, the total given amount of energy for phase transitions may be small. However, the proportion of the total
energy for M, is likely to increase due to the low air temperature (lower saturation vapor pressure), increased snow
component, and water loss by freezing. That is, the ratio of the available energy between ET, and M, can be rough-
ly estimated in proportion to the mass ratio of water and snow. Further, as this water/snow partitioning is based on
temperature and precipitation, the temporal continuity of snowpack follows that of the temperature and precipita-
tion profiles. Snowpack is determined at a catchment scale and assumed to be homogenous within the catchment,
as the model in this study is a catchment lumped model where precipitation and temperature are also aggregated in
a catchment scale. That is, we assume a spatial homogeneity in the fluxes of snowpack across each basin.

Then, the maximum possible evapotranspiration and melting are computed with the given P ET, dataset since it
can derive the net total available energy for phase transitions:

PET} = &_< RF + Si- )ﬂ

L \SF+SP_i+RF+S-1) Lg
(28)

< RF, + S,

- PET;
SF +SP-1+ RF + S

PM,

Rm, _ SF+SP_, ) Rn,
Lr SF+SP_i+ RF, + S8 Ly

< SF+SP, > Rn,

SF+SP+RF+S;) (0.15-Lg) 29)

SF+SP, ( 1 ).PET,
SF+SP + RF+S,; 0.15

where PET," [L] is the newly computed potential evapotranspiration and P M, [L] is potential melting, which is
the maximum possible melting. Here, we compute P ET;* with the existing P ET,, which is the potential amount
of evapotranspiration when the radiative energy is monopolized only by the evapotranspiration process. As the
specific latent heat of fusion (334 kJ /kg) is ~0.15 times the specific latent heat of evaporation (2265 kJ /kg),
P M, is obtained with the existing P ET; using this ratio.

Now M, could be obtained by establishing a functional relationship based on the logic of Budyko's framework,
approximating the supply limit of M, as given amount of snow (S'F; + .S P._), and the atmospheric demand limit
as PM,. This could be mathematically expressed using Fu's equation as

M _p PM__
SF+SP.  \SE+SP. G0

1 1-p
=
M, = (SF,+SP_)| 14+ —1M: [1+<—PM’ > ]

SF+SP_, SF +SP_, 31

where f is a parameter that indicates the melting efficiency of a catchment, ranging from O to 1, that is, a larger f
will result in more snow melting. When there is no snow content in the given catchment, it is obvious there should
be no snow melting either. The absence of snow contents at timestep ¢ mathematically leads the (SF; + SP—1)
element on the right-hand side of Equation 31 to be 0, and thus M, always converge to 0 as well, regardless
of the value of . Because of this aspect, the calibration process of the model assigns an arbitrary value to g,
misrepresenting the catchment's melting efficiency when snow contents do not exist in a catchment. In order to
overcome such a problem, the calibrated f for catchments with mean annual snow less than 0.1 mm is adjusted
as 1 to comply with its concept.
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Figure 3. Diagram of the hydrological partitioning process of the snow augmented ZDWBM (left) and the corresponding flowchart (right).

Since the proposed snow module defines the input source of water as a combination of rainfall (RF;) and snow-
melt (M,), the initial partitioning process of ZDWBM is reconstructed as:

RFE, + M, = Q" + X, (32)

The remaining procedure from here is the same as in the original model, as shown in Figure 3.

3.3. Monthly Parameterization

The existing ZDWBM yields four time-invariant model parameters, each representing different hydrological
aspects of the catchment. However, catchment's hydrological responses are often modulated by various factors
that manifest in sub-annual time scales, such as antecedent soil moisture, seasonal vegetation, and temperature
fluctuations. Thus, while those single-value parameters may partially explain the long-term characteristics of
catchments, they might be insufficient to reflect catchments' dynamic response. Moreover, since both snow melt-
ing and accumulation processes are extremely season-sensitive, the necessity of developing a time-variant pa-
rameterization arises as we intend to include the snow factor in the model. To capture the time-variant catchment
properties while minimizing the increase in model complexity at the same time, we set each model parameter
to have 12 monthly values. The monthly parameters are optimized by minimizing the dissimilarity between the
simulated and observed flows during the calibration period. For each monthly timestep, the model is designed
to calibrate the parameter values of the corresponding month. The full model with snow module and monthly
parameterization is mathematically presented below:

M _p(_PM ) where n=1: 12
SF+SP_ SF+ SP_,
1 1-p,
M, PM | PM, =
SF +SP— ' SE+SP SF + SP_, (2
RF, + M, = Q% + X, (33)
X_F PX',al,, , where n=1: 12 (months)
P P,
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PET + (Spaxn — Si-1) PET* + Spaxn = S\ 7 |
* maxn — Oi— * maxn — Oit— I=ay
X =P l t -1 _ l t t—-1
' |1+ P + P (34)
W, =X+ Si- (35)
Y, Swmaxn + PET
—=F| —— a4, ), where n=1 : 12 (months)
4 4
1 l-ay,
v=wli+ Swaxn + PET} 14 Smaxn + PET}\ 7o,
t = Wi —VV, —VVr (36)
PET?
ET: _ F L o, ), where n=1: 12 (months)
Wi W,
1 l-ay,
ET, =W, 1+PET’* 1+ PET, \ o
t = t VV! I’V; (37)
R =W, -Y; (38)
S, =Y, —ET; 39)
G, =(1—-d,)G,-1 + R, where n=1 : 12 (months) 40)
Q! =d(Gi) 41
0 =0/+0; (42)
For parameter estimation, an optimization function is solved for each station by minimizing the average of four
error functions:
4
 Zi
Min(Z), while Z = Z’—i (43)
>N, [In(Qy™ — In(Q7™)1*
Zi=— — (44
Yoy [In(Q7™) = In(Q*)]
4, Zm @ -0y’
e 45)
i (@ = 0™)
TL(©Q" — 0 Qp — 0™)
Z3 = ~ : —— — (46)
VI @ -T™ 5, o -0
i Qf"’")
Zs = |[In| =—— 47)
<Z,-’L o (
while,
OSﬁnSI, OSlllnS 1, OS“ZnSI, OSdnSI, OSSmaxn
where Q™ is the simulated streamflow at time i, Q*™ is the mean simulated streamflow, Q:.’b‘ is the observed
streamflow at time i, Q°s is the mean observed streamflow, N is the number of timesteps in the calibration
period. A set of parameter values that minimizes the mean of those four objective functions is obtained by using
HWANG AND DEVINENI 11 of 29
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the constrained nonlinear multivariate function (TheMathWorksInc, 2016). For each station, the models run one
full-cycle of spin-up over the entire given period with the storage components (soil-moisture, snow, groundwater)
at their initial conditions for a stable initialization before calibration (Sy = 0, Gy = 0, S Py = 0). The estimated
storage components from the last timestep of the spin-up are employed as the initial condition for the storages
during the calibration process. The observed data was divided into two roughly even parts for each station, and the
first 50% of the given observed data were used for calibration, and the later 50% for validation. This is consistent
with the calibration and validation process of the original ZDWBM (L. Zhang et al., 2008).

3.4. Model Performance Evaluation

For the evaluation of the model, the classic Nash-Sutcliffe efficiency (NSE) coefficient (Nash & Sutcliffe, 1970)
between the simulated and observed monthly streamflow were examined (NSE = 1 — M SE/c% where M SE
is the mean squared error between the simulated and observed monthly flows and 0'(2) is the variance of observed
monthly flows). NSE theoretically ranges between — co and 1. Values close to 1 imply that the model can resemble
the observed system, whereas values close to 0 mean that the model performance is no better than the mean of the
observed. Thus, NSE values less than zero are undesirable. Despite its inherent limitations (Ehret & Zehe, 2011;
Gupta & Kling, 2011; Schaefli & Gupta, 2007), the NSE statistic is one of the evaluation metrics most commonly
used for evaluating hydrological model performances. Threshold values of NSE representing a reasonable model
performance often depend on the purpose of the model, but a hydrological model at a monthly timestep could be
judged good when its NSE is greater than 0.65, satisfactory when it is greater than 0.5, and unsatisfactory if it is
less than or equal to 0.5 (Moriasi et al., 2007). We used these threshold values for evaluating our models.

4. Results

Here we present the incremental changes in model performance that were observed after applying stepwise, the
proposed snow module and monthly parameterization during the validation period. Further testing and verification
for model overfitting are also presented in this section. Finally, the calibrated monthly parameters are presented
and discussed as well. The results of the stepwise improvements in model performance are summarized in Table 1.

4.1. Performance of the Original ZDWBM Across the Continental United States

The performance of the original ZDWBM varied greatly by region across the CONUS (Figure 4a). The cumula-
tive distribution function (CDF) of ZDWBM's NSE values shows that the model performance is good for 38% of
the 1,210 HCDN catchments (Figure 4b). As expected, the model confronts evident limitations in areas affected
by snow, including high elevation catchments located in the Rocky Mountains area (HUC2 regions 13, 14, 15,
16, and 17) and catchments in the northern CONUS (HUC2 regions 1, 4, 7, and 9), likely due to its exclusion of
a snow process representation (Figure 4c). The degradation of model performance with increasing snow-factor
index confirms the absence of snow components in the model (Figure 4d). This result is consistent with a pre-
vious study that explored the monthly hydroclimatology of the CONUS with ZDWBM (Petersen et al., 2018).
The median NSE value of the model across all the 1,210 catchments is estimated as ~0.5, while it is ~0.3 in
snow-affected regions (R > 0.4).

4.2. Model Performance With the Implanted Snow Module

After implanting the proposed snow module in ZDWBM (ZDWBM-snow), the model shows a significant im-
provement in estimating monthly streamflow, especially for snow-affected regions (Figure 5a). The median NSE
value of ZDWBM-snow for the CONUS shows a slight improvement (~0.1), whereas it improves considerably
from ~0.3 to ~0.5 for snow-affected regions. It can be seen from Figures 5a and 5c that the model performance
improves the most in the Northeastern region (HUC2 regions 1 and 2) and Rocky Mountains region (HUC2
regions 14, 16, and 17). Compared to the results from the original ZDWBM, the median values of NSE in those
areas increase to 0.31 on average, and the variance reduces remarkably with ZDWBM-snow. Stations where
ZDWBM-snow shows good performance accounted for 39% of the total (Figure 5b), as opposed to 33% of the to-
tal for the original ZDWBM. As presented in Figure 5d, the association between the NSE values and snow-runoff
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Table 1

Summary of the Incremental Improvements of the Model for All and Snow-Affected HCDN Catchments Across the CONUS

Total HCDN catchments

Original ZDWBM Model with snow module Model with snow module and monthly parameters

Median NSE 0.51 0.61 0.67
Evaluation (%)

Good 33 39 56

Satisfactory 19 28 26

Unsatisfactory 48 33 18
Overall Bias (%) 3 3 1
Seasonal Bias (%)

Winter —3 11 5

Spring 26 13 =5

Summer -7 -10 5

Fall =31 —29 4

Snow-Affected HCDN Catchments (R > 0.4)
Original ZDWBM Model with Snow Module Model with Snow Module and Monthly Parameters

Median NSE 0.27 0.47 0.64
Evaluation (%)

Good 3 15 48

Satisfactory 13 32 33

Unsatisfactory 84 53 19
Overall Bias (%) 5 5 2
Seasonal Bias (%)

Winter -33 20 13

Spring 37 14 —4

Summer 2 -6 2

Fall -36 -29 8

Note. Positive bias indicates model is underestimating the flow, whereas negative bias indicates model is overestimating. See Section 4.2 for details.

ratio index R mostly diminishes after applying the snow module. Nevertheless, ZDWBM-snow still underper-
forms overall, showing NSE values < 0.5 for 33% of the total catchments, especially in the northern part of the
Midwest region (HUC2 regions 4 and 9), where the catchments are heavily influenced by snow. This indicates
that the model is not yet adequately capturing the hydrological process, including the complicated melting mech-
anism, for some areas where snow is dominantly affecting the local water balance. There could be several aspects
to consider in explaining these remaining errors. However, the most attributable factor is the single-value param-
eterization for describing the catchment's hydrological characteristics that can often vary from season to season.

Percent bias is one of the evaluation statistics that measure simulated flow's average tendency to be larger or
smaller than their corresponding observed data (Gupta et al., 1999). Low magnitudes indicate accurate model
estimation. Positive bias indicates that the model is underestimating the flow, whereas negative values indicate
overestimation. The seasonal bias values of the ZDWBM-snow across all the 1,210 basins are 11%, 13%, —10%,
and —29% for winter, spring, summer, and fall, respectively. The snow-affected regions show 20%, 14%, — 6%,
and — 29% bias for each season from winter to fall, respectively (Figure 6).

Histograms of the relative errors between the observed and simulated flows exhibit right-skewed distributions
every season for both groups, as is expected of data which is bounded on the left tail. The lower limit of relative
error is mathematically —1, while the upper bound is unlimited. From these results, we argue that, on average, the
ZDWBM-snow tends to underestimate the streamflow during winter and spring and overestimate during summer
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Figure 4. Performance of the original ZDWBM across the CONUS: (a) spatial distribution of NSE across the CONUS (b)
cumulative distribution function of NSE (c) distribution of NSE for each HUC2 region (d) dependence between NSE and the
snow-factor R. The red horizontal dashed line in each subfigure indicates the threshold for a good model (NSE > 0.65).

and fall for the catchments across CONUS. For snow-affected regions, the model underestimates monthly stream-
flow during winter and spring and overestimates during fall. This seasonal bias is assumed as an error-offsetting
result since the model's calibration process is designed to minimize the overall error with time-invariant parame-
ters, expected to represent the catchment's hydrological characteristics.

In practice, for example, the melting efficiency (f) of a watershed should be relatively low during snow accumu-
lation seasons but high in snow melting seasons. However, during the calibration process, the model determines
a single-valued optimal f to minimize the overall error between the simulated and observed flows. This "time-in-
variant calibration" causes f to be overestimated for snow accumulation seasons and underestimated for snow
melting seasons. This type of seasonal bias can also occur due to the other model parameters (ai, a2, d, Spax) aS
long as they are introduced as time-invariant values. Even if the true values of parameters are nearly constant,
changing very little over time, streamflow can be highly sensitive to those small changes. Therefore, we reckon
single-value parameters are insufficient to fully account for the temporal variability of the catchment's hydrolog-
ical characteristics.

4.3. Model Performance With the Implanted Snow Module and Monthly Parameterization

ZDWBM-snow is calibrated against observed streamflow data with five parameters (a;,, @2, dns Smaxn> and f,)
that vary over the 12 months (» = 1 : 12). The model performance significantly improves when a combination of
the snow module and monthly parameterization is applied. Except for a few, most catchments across the CONUS
show a good agreement between the simulated flow and observed flow according to the computed NSE coeffi-
cients (Figure 7a). The median NSE values for CONUS and snow-affected regions are both ~0.65. The accuracy
of the monthly calibrated ZDWBM-snow (ZDWBM-msnow) is evaluated to be good for 56% of the total HCDN
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Figure 5. Performance of ZDWBM-snow across the CONUS: (a) spatial distribution of NSE across the CONUS (b)
cumulative distribution function of NSE (c) distribution of NSE for each HUC2 region (d) dependence between NSE and the
snow-factor index R. The red horizontal dashed line in each subfigure indicates the threshold for a good model (NSE > 0.65).

catchments (Figure 7b). According to Figure 7c, catchments in HUC2 regions 9 and 15 tend to show relatively
poor model performances than others. Both the elevation and snow-runoff ratio now show little effect on the
model performance (Figures 7c and 7d).

Compared to the model without monthly parameterization, ZDWBM-msnow shows significantly lower bias for
catchments across the CONUS, including the areas affected by snow, regardless of the season (Figure 8). Across
the 1,210 catchments, the model bias is estimated as —5%, —5%, 5%, and 4% for each season, respectively, from
winter to fall. Compared to the previous biases (11%, 13%, —10%, and —29%), both the magnitude and seasonal
variance of the bias have decreased. The bias for snow-affected catchments also shows relatively small magni-
tudes than before through winter to fall, estimated as 13%, —4%, 2%, and 8%, respectively. This is considered a
promising improvement, given the previous biases for the corresponding catchments are 20%, 14%, —6%, and
—29%, respectively.

4.4. Assessment and Verification of the Model Improvements

The results clearly show that the model performs better after applying the proposed methods. The median NSE
increases to ~0.7 from ~0.5 for all the catchments, and only 18% of them show NSE < 0.5. Catchments with
the most significant improvements in model performance are hydrologically snow-dominated (R > 0.5), while
catchments moderately affected by snow (0.4 < R < 0.5) show marginal improvements (Figure 9). The median
NSE of the original model for snow-dominated catchments was ~0.3, and this dramatically increases to ~0.6
with ZDWBM-msnow. Whereas the original model was evaluated as unsatisfactory (NSE < 0.5) for 84% of
these catchments, ZDWBM-msnow underperforms in only 19% of them. For most of the basins where snow
is not considered an important local water source (R < 0.4), the final model shows a slightly better, or at least
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Figure 6. Bias of ZDWBM-snow for each season. The data points shown in gray indicate catchments that are less affected
by snow (R < 0.4), whereas the data points shown in black are snow-affected basins (R > 0.4). The inset of each subfigure

represents the histogram of relative errors between the observed and simulated for all catchments (gray) and snow-affected
catchments (black).

similar, performance compared to the original model, with few exceptions. Most of these exceptions happen in
catchments less affected (R < 0.4) or dominated (R > 0.5) by snow. The degradation of the model performance
in these catchments could be due to the misallocation of available energy for melting.

As ZDWBM-msnow includes a snow module with an increased number of parameters due to the monthly pa-
rameterization, the model's complexity increases, and thus we cross-validate the model to test overfitting. Over-
fitting tends to occur when the model is unnecessarily complex, incorporating unnecessary processes (Vanlier
et al., 2014), and when it contains an excessive number of parameters (Orth et al., 2015). The problem of over-
fitted models lies in the fact that they try to fit the random noise rather than only the signal. It typically shows a
remarkable performance during the calibration stage and seems to capture the underlying hydrological process
accurately, but it exhibits significant performance degradation during the validation period.

We only focus on 636 catchments for the cross-validation test, where 37 years of continuous observed streamflow
data are provided. After calibrating the model against the first 19 years (~50% of 37 years) of data (training
set), the model is validated with the later 18 years (testing set). When the intercept is set to zero, the overall
R? of the regression of calibrated NSE on simulated NSE is calculated as 0.87 (Figure Ala), indicating a good
correspondence between calibrated NSE and simulated NSE. Besides, the slope of the fitted line is 1.040 with
a 0.016 standard error. For a cross-validation test, it is ideal to have the points settled on the fitted line with a
slope of 1 and an intercept of 0. Most of the tested results here are adjacent to the 1:1 line, except for a few cases.
The percentage of catchments where the model showed a good performance was greater during the calibration
period than the validation period, and the distributions of NSE values were slightly different from each other
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Figure 7. Performance of ZDWBM-msnow across the CONUS: (a) spatial distribution of NSE across the CONUS (b)
cumulative distribution function of NSE (c) distribution of NSE for each HUC2 region (d) dependence between NSE and
snow-factor index R. The red horizontal dashed line in each subfigure indicates the threshold for a good model (NSE > 0.65).

(Figure A1b). This level of model deficiency during the testing period is expected as the model training involves
observed streamflow while testing is blind to the observed. Overall, the differences between the calibration and
validation results lie within the range that could be expected, and thus we conclude the proposed model does not
show a concerning level of overfitting.

4.5. Assessment of Model Parameters

Here we explore the spatial and seasonal variability of the parameters that are estimated by calibrating ZDW-
BM-msnow for the entire observed data (Figure 10). To ensure that the interpretations are reasonable, we only
consider catchments where the model calibration is evaluated as good. This selection provided us 1,008 HCDN
basins across CONUS for further investigation. Monthly parameters are explored based on the four seasons by
averaging the monthly values corresponding to each season: winter (December—February), spring (March-May),
summer (June—August), and fall (September—November).

The melting efficiency (f,) displays a significant seasonality for most of the catchments, as anticipated. During
the winter season, groups of catchments with the highest values of g, are located in the Pacific Coast and southern
part of the CONUS. As spring comes, f, starts to increase in catchments located northbound of the South and
Southeast region, and this increase of f, continues northward as summer approaches. When summer arrives, most
of the catchments in the CONUS have high melting efficiency (0.8 < f,), and this state is maintained until fall.

The catchment retention efficiency (a;,) shows a seasonal variability for some catchments across the CONUS.
During winter and spring, the eastern CONUS generally shows lower a;, values than the western CONUS, but
this relation overturns in summer and fall. Especially during the spring season, the Northeast and Ohio Valley
(HUC2 region 5) regions display particularly low a;, values. Since a;, describes catchment retention, this cluster
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Figure 8. Bias of ZDWBM-msnow for each season. The data points shown in gray indicate catchments that are less affected
by snow (R < 0.4), whereas the data points shown in black are snow-affected basins (R > 0.4). The inset of each subfigure
represents the histogram of relative errors between the observed and simulated for all catchments (gray) and snow-affected
catchments (black).
of low a; in spring may imply a low infiltration rate and intense water supply,
3 g indicating more direct runoff in the area. We assume this is strongly related
' .i%‘_; R ¢y to snowmelt in spring. The evapotranspiration efficiency (a,,) shows var-
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o * e L nge, . . ) . A
b . '_-ﬂ s % the seasons. Meanwhile, the Pacific Coast near California shows highest a5,
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g- o sl h . O e catchments mostly show highest a,, during the summer season, especially
- = ‘ ‘ LA those located in the Northeast, Pacific Northwest, and Upper Midwest re-
i.|E_ ., . . gions. A previous study argues that a,, is heavily related to various climate
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Figure 9. Comparison of NSE for ZDWBM-msnow and original ZDWBM.
For clarity, NSE values less than —0.75 are chosen as lower outliers and
omitted from the figure. These are ~3% of all the 1,210 stations.

have a low to moderate value of d, during winter. The d, values generally
increase as spring arrives and reaches the peak for most catchments, except
for those located in the Upper Midwest region. During the summer season, d,
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Figure 10. Seasonal spatial distribution of average melting efficiency (a—d), catchment retention efficiency (e-h), evapotranspiration efficiency (i-1), groundwater
transition rate (m-p), and maximum soil-moisture capacity (q-t) for the HCDN catchments where ZDWBM-msnow performance was classified as good during the

calibration.

decreases at some catchments, including the Tennessee Valley (HUC2 region 6) and Pacific Coast, but remains
at a similar level from spring for most catchments. Then the majority of the catchments show a decrease in d,,,
having their lowest d, values in fall.

The maximum soil-moisture storage capacity (Syax,) is consistently high in the Midwest region and northbound
of the Southeast region, while being relatively low in the Ohio Valley and Northeast regions throughout the four
seasons. Catchments in close proximity to the Rocky Mountains Range, including those in California, have lowest
Sinaxn IN SUMMET.
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5. Discussion
5.1. Comparison With Previous Studies

The combined results from Figure 4 indicate that the original ZDWBM is noticeably inadequate for the CONUS.
A previous study has demonstrated that the model was well validated when tested for catchment in Australia, with
NSE values ranging from 0.6 to 0.9 for the majority (L. Zhang et al., 2008). The study used unimpaired stream-
flow data that was modeled without considering snowmelt water (Peel et al., 2000), which is reasonable since
snow does not play a significant role in the hydrology of those tested catchments, except for a few high elevation
areas in the southeast Australia and Tasmania region (Q. J. Wang et al., 2011). Howeyver, the hydrology of a large
area in the CONUS is under the influence of snowmelt water to such an extent that more than 40% of the total
HCDN catchments are snow-affected (R > 0.4). Evidently, the lack of snow process representation leads to the
underperformance of the model for the CONUS.

ZDWBM-msnow shows an excellent performance in simulating runoff at snow affected areas compared to the
original ZDWBM and other monthly water balance models with snow module. Martinez and Gupta (2010) tested
the augmented abcd-snow model on 764 HCDN catchments across the CONUS. The model includes a simple
temperature-based snow component and requires a preprocessing classification of catchments into “snow” or
“no snow” based on whether snow accumulation/melt dynamics play an important role. The model performed
well during the calibration process but only ~31% of the total tested catchments showed NSE > 0.67 during
validation. Particularly, only ~18% of the “snow” catchments showed NSE > 0.67. It is difficult to make a di-
rect comparison since the settings are different, but ZDWBM-msnow shows NSE > 0.67 for ~50% of the tested
catchments and ~43% of snow-affected catchments. Bock et al. (2016) also applied a monthly water balance
model (MWBM) that is based on a simple concept of water supply and demand (McCabe & Markstrom, 2007)
to the CONUS. This model also contains a snow module that involves a partitioning process of precipitation into
rainfall and snowfall based on temperature thresholds. In MWBM, snow is accumulated in a snowpack, and the
amount of snowmelt is controlled by a model parameter that determines the proportion of snowpack that melts.
The MWBM showed a median NSE of 0.76 across the CONUS, but the model performance in high latitudes, high
plains, and desert southwest was less promising. These areas are coherent with those where the original ZDWBM
and ZDWBM-snow show poor performance. However, the estimations of runoff in those areas are significantly
improved by ZDWBM-msnow.

Various approaches have been established to better represent the snow dynamics considering its significant im-
pact on hydrology. These approaches have been mostly based on either energy balance models or temperature-in-
dex models. Physics-based energy balance snow models, such as ISNOBAL (Marks et al., 1999), SNOWPACK
(Lehning et al., 2002), SnowModel (Liston & Elder, 2006), and VIC (Andreadis & Lettenmaier, 2006), have been
widely used in the hydrology field as they allow full control over the detailed components of snow processes at
the basin or grid scale. This type of modeling, however, requires a considerable amount of investment in data
preparation and computation. Moreover, it is difficult to identify the source of errors when the model is too com-
plicated. Temperature-index approaches are also popular for snow modeling because of their simplicity, especial-
ly when information other than temperature is lacking. However, classical temperature-index models sometimes
fail to capture the underlying physics of the hydrological process because of its simplicity and its catchment scale
and longer time scale assumptions (Lang & Braun, 1990). To the best of our knowledge, the snow module de-
veloped in this study is the first Budyko-type snow representation that incorporates surface energy balance. The
snow module achieves parameter parsimony as it follows the supply-demand limit concept of Budyko's frame-
work while being physically meaningful at the same time as it is based on the surface energy balance.

5.2. Limitations and Uncertainties

Overall, ZDWBM-msnow displays a superior performance compared to the original model in simulating month-
ly streamflow for 70% of the tested catchments across the CONUS. Monthly hydrographs for three randomly
selected stations, each representing different snow conditions, demonstrate how ZWDBM-msnow better pre-
dicts the streamflow dynamics than the original ZDWBM and ZDWBM-snow (Figure A2). ZDWBM-msnow
show little if any improvements in regions not affected by snow (R < 0.4) but show a remarkable capability of
capturing monthly high flow events compared to the original ZWDBM and ZWDBM-snow in snow regions
(R > 0.4). Only 18% of the total tested catchments show poor estimates (NSE < 0.5) with ZDWBM-msnow.
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These catchments tend to have shorter records of observation comparing to those where NSE > 0.5 (Figure A3),
which is reasonable since the length of observation influences the calibration efficiency of the model—that is,
parameters calibrated based on more observational data better characterize basin properties. Moreover, these
catchments with NSE < 0.5 have drier conditions, lower values of snow-factor index R, and higher long-term
mean temperatures than catchments with NSE > 0.5 (Figure A4). All of these aspects are more likely to appear
in arid regions than in humid areas. This finding is consistent with previous literature that argued parameter par-
simonious monthly water balance models are capable to accurately simulate streamflow in humid regions (Guo
et al., 2002; Vandewiele & Ni-Lar-Win., 1998; Xu & Singh, 1998), but less promising in arid regions (Atkinson
et al., 2002; Hu et al., 2005; Xu & Singh, 1998). The additional layer of water storage (i.e., snowpack) provided
by the snow module could be one of the chief factors degrading the model performance in arid regions. The snow
module is based on several assumptions that may bring small perturbations into the estimated snowpack, and
dry catchments usually show high sensitivity to the storage components, producing runoff predictions with little
confidence (Atkinson et al., 2002; C. Wu et al., 2018).

Despite the significant improvements that were shown in this study, ZDWBM-msnow may still have some lim-
itations due to some of its assumptions. The snow mass balance in this study neglects snow sublimation during
both the snow accumulation and melting periods. However, sublimation of snow and ice sometimes can be a sig-
nificant component for the snow mass balance (MacDonald et al., 2010; Reba et al., 2012; Strasser et al., 2008).
Since snowmelt is an extremely important source of water (Barnett et al., 2005; Pierson et al., 2013; Viviroli
et al., 2011), these snow sublimation losses can significantly affect the water balance, especially in the snow
affected regions. The neglected snow sublimation losses could possibly be interpreted as errors in the other wa-
ter balance components of ZDWBM-msnow during snow accumulation and melting periods. Correspondingly,
low NSE values of ZDWBM-msnow are observed at some of the mountainous and northern end regions of the
CONUS (Figure 7a), which are particularly cold in winter, likely due to the lack of snow sublimation accounting.

In reality, negative radiation balance can be observed during snow accumulating seasons or in regions of perma-
nent snow and ice cover. However, our estimated net radiation heat flux is assumed to be always positive since the
calculations are based on a dataset of positive-only potential evapotranspiration estimates from the Hargreaves
method. This leaves latent heat from condensation and freezing neglected, inducing the model to have potential
errors for certain catchments under the influence of snow. Additionally, the rough estimate of total energy availa-
ble for potential evapotranspiration and potential melting is expected to affect the model accuracy.

5.3. Effect of the Snow Module on ET Estimation

One of the main features of the snow module developed in this study is the newly computed PET and potential
melting, PM, based on surface energy balance and Budyko's framework. As Budyko-based estimates of ET are
controlled by P and PET, the newly computed PET is expected to have direct effects on ET estimates. A com-
parison of ET estimates between ZDWBM and ZDWBM-msnow for snow-affected regions (R > 0.4) indicates
that the inclusion of snow module and monthly parameterization results in lower ET estimations in winter and
higher ET estimates in summer (Figure A4). ZDWBM-msnow shows lower winter ET values than ZDWBM
because ZDWBM-msnow separates precipitation into rainfall and snowfall during the snow accumulating and
melting phases, and thus the amount of water contents available for ET decreases. The total energy flux available
for phase changes are also partially allocated to PM in ZDWBM-msnow, resulting in less energy available for
PET. Moreover, the amount of water leaving the system as ET in ZDWBM could be partially stored in the form
of snowpacks during the winter season in ZDWBM-msnow. In summer, ZDWBM-msnow yields higher ET
values than ZDWBM because snowpacks from the antecedent seasons (winter and spring) provide water inputs
to the catchment, enabling more ET to occur. In addition, ZDWBM tends to preserve more water in summer
by yielding small ET estimates in order to recover the water loss due to ET overestimation that occurred in the
previous winter.

The choice of PET method could be one of the key factors that determine the performance of ZDWBM-msnow
since the snow module is based on the estimated PET values. The performance of PET methods may differ
by region and catchment condition as they are developed with different approaches (Federer et al., 1996; Lu
et al., 2005). Several past studies tested the impact of different PET methods on the performance of water balance
models, and it was revealed that the choice of PET method has a low influence on runoff estimations (Aouissi
et al., 2016; P. Bai et al., 2016). Simple potential evapotranspiration methods that are based on extraterrestrial ra-
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diation and air temperature, such as the Hargreaves method, are shown to be as efficient as more complex models
for catchment scale water balance models (Oudin et al., 2005). However, it was also shown that different potential
evapotranspiration methods might affect the parameter calibration of hydrological models (P. Bai et al., 2016). By
determining the most effective PET method for each target region, therefore, the accuracy of model parameters
estimation may be enhanced.

6. Summary and Conclusion

This study explores the limitations of an existing dynamic water balance model (ZDWBM) proposed by L. Zhang
et al. (2008). It provides measures to overcome those limits based on more than 1,200 unmodified basins across
the CONUS with observation data of 31 years on average. Zhang's dynamic water balance model (ZDWBM)
describes the monthly water balance of a catchment by partitioning the hydrological process based on Budyko's
framework. While this model showed a quality performance for catchments in Australia (L. Zhang et al., 2008), it
fails to perform well for the catchments in the CONUS. The model mainly shows lower performance in snow-af-
fected basins as it does not contain snow components. This limitation of the model is critical when applied to the
CONUS since a significant portion of its catchments is affected by snow. The model suits only 57% of the given
catchments and 18% of the snow-affected regions.

A snow module is developed in this study to improve the model applicability to the CONUS. The snow module
is designed based on the concept of Budyko's framework to preserve the spirit and parameter parsimony that
ZDWBM has achieved. The augmented model with snow module shows a significant improvement in simulating
monthly streamflow, especially for snow-affected regions. However, we find the augmented model produces a
seasonal bias in the simulated streamflow, requiring an additional improvement strategy. We assume the model's
seasonal bias is attributable to the time-invariant model parameters inaccurately representing the time-varying
catchment characteristics. In order to minimize the seasonal bias, the snow augmented model is calibrated with
monthly parameters (ZDWBM-msnow). After applying monthly parameterization to the snow augmented model,
it becomes suitable for more than 90% of the total catchments, and the seasonal bias diminishes.

Based on the ZDWBM-msnow, we also discussed the catchment's hydrological characteristics across the CO-
NUS by assessing the spatial variability of the model parameters for each season. For each model parameter,
catchments with similar values are regionally grouped as various clusters in general. While catchment melting
efficiency (f,), retention efficiency (a;,), evapotranspiration efficiency (a2,), and groundwater transition rate (d,)
display seasonal variations in most catchments, the maximum soil-moisture storage capacity (S...,) shows only
small changes over the four seasons. Further investigations could be conducted to better understand the factors
that control the spatiotemporal variability of the parameters.

Since the model parameters are related to the hydrological characteristics of a catchment, a further investigation
on the model parameters and catchment characteristics could be conducted to predict the streamflow response to
changes in land-use/land cover for catchments, including those ungauged. A successful analysis of the relation-
ship between catchment characteristics and the model parameters will provide further physical interpretation and
allow easy applicability for decision-making for various purposes, such as water resources management, restora-
tion of ecological flow, and water-relevant policymaking.

Our analyses suggest that ZDWBM-msnow could be used to estimate monthly runoff for ungauged basins across
the continental United States. Regionalization of model parameters will be a perquisite for this usage, and thus
one may consider modeling the parameters of ungauged basins based on their regional climate and catchment
characteristics. Hamel et al. (2017) model the parameters of the original ZDWBM based on a set of climate and
catchment characteristics for Australian basins, and the modeled parameters show a good performance predicting
dry-season flow. This could be analogously applied to the US basins in future studies by using ZDWBM-msnow.
For this purpose, one may also consider redesigning ZDWBM-msnow using a Bayesian hierarchical structure to
enhance the parameter estimation procedure and better represent their uncertainties. By pooling the parameters
over similar geospatial catchments, a Bayesian hierarchical approach can provide improved model parameter
estimations with reduced uncertainty. Moreover, it will also provide information of the uncertainty level of the
simulated streamflow which could be used in water systems' decision analyses.
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Figure Al. Cross-validation results verifying for overfitting. (a) Comparison between NSE from calibration and validation
periods. (b) Comparison between the cumulative distribution function of NSE from calibration (solid) and validation periods
(dotted).

HWANG AND DEVINENI 23 0of 29

85UBD| SUOLLILLIOD BAIERID 3|qedldde 8y} Ag peusenoB a/e SapiLe YO ‘88N J0 S9N 10} ARiq1T Ul UO AB]IA UIO (SUORIPUOD-PUR-SLLLBIALIOD A8 | IMARRAq U1 IUO//SANIY) SUORIPUOD PUe SLLB | 341 89S *[£202/80/62] UO AReiqiauljuo 481 ‘UOIEWLIOJ| [EIIUYDS L PUY DLILBIS JO 89140 AG E0Z0E08MTZ0Z/620T OT/10p/wod" A1 Aeiqijpuljuo'sandnBe//sdny woiy pepeojumod ‘T ‘Z20¢ ‘€L6L7Y6T



Y d |
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Water Resources Research

10.1029/2021WR030203

Runoff (mm) Runoff (mm)

0 40 80

Runoff (mm)

150 300

0

0

0

150 300

150 300

0 40 80

0 40 80

(a) HCDN Station 01387500 (R =< 0.4)

|-o— Observed -~ zDWBM NSE = 0.67

&WWWKJ iy *JA,MM

|-o- Observed - ZDWBM-snow NSE 0.68

i
!

gtk

!@Jﬁlﬂ"{"f”*ﬁk‘-ﬁwf 1'%

100

-0~ Observed - ZOWBM-msnow NSE =0.72

r
N‘M 'M *‘N\M’ mwv ) umx.’}

Time (months)

(b) HCDN Station 04033000 (0.4 <R < 0.5)

1-o— Observed -—o- ZDWBM NSE =0.07

1 \ { '
oot stk
0 50 100 150 200

1—¢— Observed o~ ZDWBM-snow NSE=03

uwkﬁwwhwgrm\k\%\m&f\w&

do= om,v.d - ZDWBM-msnow NSE 0.73

- UJ-«, TR gL,m\&-L'\u‘v &\'.V\\nk&w»
3 %

Time (months)

(c) HCDN Station 12355500 (R > 0.5)

|-o— Observed - ZOWBM NSE =-0.04

== Observed - ZOWBM-snow NSE =07

quhUﬁU;}AuU\)ﬁmUEi@.@%U

|~ Observed - ZOWBM-msnow NSE =0.89

TN
:L‘:\uu.-.\.. U\. \}\JL' 'L\ f ‘w‘u.it

)
Tlme (months)

Figure A2. (a) Monthly hydrographs estimated with ZDWBM (top), ZDWBM-msnow (middle), and ZDWBM-msnow
(bottom) for a randomly selected HCDN basin less affected by snow (R < 0.4). (b) Monthly hydrographs estimated with
ZDWBM (top), ZDWBM-msnow (middle), and ZDWBM-msnow (bottom) for a randomly selected HCDN basin moderately
affected by snow (0.4 < R <0.5). (c) Monthly hydrographs estimated with ZDWBM (top), ZDWBM-msnow (middle), and
ZDWBM-msnow (bottom) for a randomly selected HCDN basin dominated by snow (R > 0.5).
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Figure A4. Comparison of estimated ET between ZDWBM-msnow and ZDWBM for each season in snow-affected regions.
The subplots in the first column show the full set of estimated monthly ET (black dots). The subplots in the second column
show the estimated monthly ET for months snowpack is not presented (gray dots). The subplots in the third columns show the
estimated monthly ET for months snowpack is presented (blue dots).
Data Availability Statement
The monthly climate data for HCDN sites may be obtained from Oak Ridge National Laboratory (2015): Avail-
able at: https://daac.ornl.gov/HYDROCLIMATOLOGY/guides/hcdn_monthly_hydroclim.html. The monthly
streamflow data for HCDN sites may be obtained from U.S. Geological Survey (1994): Available at: https:/
water.usgs.gov/GIS/metadata/usgswrd/XML/hcdn.xml. The estimated parameters from all three model types can
be obtained from Dataverse: Available at: https://doi.org/10.7910/DVN/BEZ8VR.
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