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Determining the impact of a severe dry to wet transition on 
watershed hydrodynamics in California, USA with an integrated 
hydrologic model

Fadji Z. Mainaa,⁎, Erica R. Siirila-Woodburna, Michelle Newcomerb, Zexuan Xub, Carl Steefela
a Energy Geosciences Division, Lawrence Berkeley National Laboratory 1 Cyclotron Road, M.S. 74R-316C, Berkeley, CA 94704, USA
b Climate and Ecosystem Sciences Division, Lawrence Berkeley National Laboratory 1 Cyclotron Road, M.S. 74R-316C, Berkeley, CA 94704, USA

A B S T R A C T  

With the onset of climate change, regions relied upon for water supply are increasingly
subject to end-member fluctuations between periods of severe drought followed by
extreme precipitation. The impacts of these extreme  conditions  on  watershed
hydrodynamics  in  water-resource  sensitive  regions  such  as  California  are  unknown
despite  their  great  importance  for  resilience  and  water  management  purposes.
Understanding  these  impacts  requires  high-resolution  physically  based  models  to
capture sharp variations of topography, land use, wetting fronts, etc. An integrated
hydrologic model was used in a high-performance computing framework to study the
complex nonlinear dynamics occurring at a representative Californian watershed. The
Cosumnes Watershed, one of the last major rivers in California without a dam, offers a
rare opportunity to isolate the effects of water management from climate extremes.
Here, we show model validation with comparisons between model outputs and local
measurements in addition to various satellite-based products including (1) Snow Water
Equivalent (SWE) with Snow Data Assimilation System (SNODAS) and a reconstruction
method by Bair and co-authors, (2)  soil  moisture with Soil  Moisture Active Passive
(SMAP),  and  (3)  evapotranspiration  (ET)  with  Mapping  Evapotranspiration  at  high
Resolution with Internalized Calibration (METRIC). To assess changes in hydro- dynamic
behavior during climate extremes and their transitions, a simulation spanning a recent
drought  fol-  lowed by the highest precipitation year on record (2015–2017) is
discussed. From these simulations, we are able to highlight regions that are the most
sensitive  to climate extremes,  which  depend on many factors  including hydrologic
connectivity, geology and topography. These analyses provide a better understanding
of the physical phenomena occurring in the watershed, strengthening our knowledge of
how the system may respond to extreme conditions which might become the “new
normal.”

1. Introduction

In  California,  as  in  other  parts  of  the  world,  the
effects of climate change have recently been observed
as  fluctuations  between  end-  member  climate
conditions  such  as  periods  of  droughts  (Cook  et  al.,
2004; Griffin and Anchukaitis, 2014) followed by
extreme precipitation  events  mainly  caused  by
atmospheric rivers (Dettinger, 2011, 2013; Dettinger et
al.,  2004a;  Ralph  et  al.,  2006;  Ralph  and  Dettinger,
2011).  Oscillations  between  severe  droughts  and
atmospheric  rivers  are  ex-  pected  to  intensify  as  a
consequence of anthropogenic induced climate warming
(Cloern et al., 2011; Seager et al., 2007). For example,
Swain  et  al.’s  projections  show  that  the  twenty-first-
century emissions will yield a 25% to 100% increase in
extreme  dry-to-wet  transitions  (2018).  However,  the
subsequent impacts on watershed hydrology, including
groundwater  recharge,  evapotranspiration  (ET),  and

river discharge are



largely unknown and under-studied despite the
myriad of climate change studies performed in
California (Brekke et al., 2004; Dettinger, 2011;
Dettinger et al., 2004b; Maurer and Duffy, 2005;
Vicuna and Dracup, 2007; Young et al., 2009).
Our perspective of water manage- ment issues
today  could  dramatically  change,  as  these
conditions will become the new “normal” in the
future  where  understanding  their  ef-  fects  on
watershed  hydrodynamics  will  become  crucial
for water management planning. Assessing the

impact of climate change on water resources requires a
better understanding of how the integrated hy- drologic
cycle responds to perturbations across scales including
from  deep  aquifers  through  the  lower  atmosphere
(Ferguson and Maxwell, 2010; Goderniaux et al., 2009;
Jones et al., 2008).

Because  several  hydrological  processes  occur
simultaneously  in  a  watershed,  (e.g.  groundwater-
surface water interactions and feedbacks between water
and energy fluxes near the land surface), accurate
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budgeting  of  these  hydrological  conditions  requires
physically based numerical models consisting of highly
nonlinear  equations  (e.g.  Richards  and
kinematic/diffusive wave equations) to  correctly project
into a no-analog future where empirical expressions are
insufficient tools for prediction. Due to the nonlinearities
of these processes and the associated equations used to
describe  them,  these  models  are  compu-  tationally
expensive, often limiting them to coarse spatiotemporal
re-  solutions  and hampering  their  applicability  on  the
real-world  water-  management  applications.  However,
overly coarse resolution models are often incapable of
simulating complex topography or sharp wetting fronts,
which are important when assessing extremes events.

In  this  work,  we  use  High-Performance  Computing
(HPC)  and  the  parallel  hydrologic  model  ParFlow-CLM
(Kollet and Maxwell, 2006; Maxwell, 2013; Maxwell and
Miller,  2005) to  simulate and better un-  derstand the
nonlinear dynamics of a representative Californian wa-
tershed.  The  Cosumnes  watershed  is  one  of  the  last
major  rivers in California without a dam, allowing us to
study natural flow conditions by essentially isolating the
impacts  of  climate  change  from  large-scale  water
management. The watershed spans the Central Valley-
Sierra  Nevada interface,  a  landscape  typical  of  many
hydrologically  con-  nected,  yet  mixed land use  areas
across the state (i.e.  including urban, agriculture,  and
naturally forested areas). The Central Valley is the most
productive agricultural region in the United States and
among the highest  in the World.  Water in this  region
relies  on  seasonal  snowmelt  from the Sierra Nevada
Mountains, which provides up to approximately 70% of
the water storage in the state (Dettinger and Anderson,
2015),  depending  on  the  year.  As  a  result,  the
hydrologic  connection  between  California’s  Central
Valley  and  the  Sierra  Nevada  is  important.  Never-
theless,  previous  hydrologic  models  have  mainly
focused on modeling the isolated water storage in the
Central Valley, neglecting the con-
tribution of the Sierra Nevada Mountains to the Central
Valley hydro-
dynamics (California Department of Water Resources,
2018a; Faunt and Geological  Survey  (U.S.),  2009).
Finally,  the resolution of the model used here (200 m
horizontal, sub-meter to tens of meters vertically) is in
agreement with regional decision-making scales, which
is unlike previous works that have been relied on coarse
resolution  models  (California  Department  of  Water
Resources, 2018a,b; Faunt and Geological Survey (U.S.),
2009; Gilbert et al., 2017; Gilbert and Maxwell, 2017).

We first d emonstrate t he  model’s  validation w ith
both  local  mea-  surements  and  remote  sensing
platforms. Then, to assess watershed dynamics during
the  climate  extremes  and  their  transitions,  a  recent
historic period of end-member water years is simulated.
Results  from water  years  2015–2017,  a  period  which
includes the most severe drought in the last 1200 years
(Griffin and Anchukaitis, 2014) followed by the wettest
year  on  California  record  (Di  Liberto,  2017;  SCRIPPS
Institution  of  Oceanography,  2017),  are  discussed.  To
understand system response and dynamics during these
extreme  periods  of  water  variability, we utilize a
complex three-dimensional hydrological model,  which
includes  all  components  of  the  water  cycle  in  the
“critical zone”, from bedrock to canopy. As described in
Section II, the simulated Co- sumnes watershed provides
a  complete  picture  of  the  hydrological  components
occurring at the regional watershed to basin scale, in-
cluding  snow  accumulation  and  snowmelt,  surface

runoff, groundwater infiltration, and also the exchange between
the surface water, the va- dose zone and aquifers.

Our work aims to  understand the fundamental  behavior  of
the watershed in response to the extreme changes in climatic
conditions and address the following questions:

How does the transition from extreme dry to wet water years
affect groundwater and river storages? Is a wet water year
sufficient to negate the effects of the previous dry year?
How do hydrologic processes such as ET evolve during these
end- member years?
Which areas within a watershed are most sensitive to climate

•

•

•



extremes?

We  assess  both  the  spatial  and  temporal
variability  of  groundwater  and  surface  water
levels as well as ET, snow water equivalent and
soil  moisture  throughout  the  modeled  region
before,  during,  and  after  the  dry-wet  year
transition.  Because  many  parts  of  California
heavily  rely  on  groundwater  resources  during
periods  of  drought,  understanding  water
resources  dynamics  at  these  interfaces  in  (i)
time and  (ii)  across the Sierra Nevada-Central
Valley boundary will provide insights into water
management issues related to land subsidence,
degraded  water  quality,  and  increased
electricity costs of pumping due to the intensive
groundwater  over-drafting  (Di  Liberto,  2017;
Famiglietti et al., 2011; Faunt and Sneed, 2015;
Howitt  et  al.,  2015;  Miro  et  al.,  2018).  The
recent  2012–2015  California  drought  has  also
reiterated the need to identify new methods to
quantify  water  storage  in  mountain  snowpack
(Hedrick  et  al.,  2018).  Our  methodology
provides  a  scientific  basis  for  stakeholders  to
better  understand  how  California  watersheds
(inclusive  of  groundwater  aquifers)  might
respond  to  climate  extremes  and  cli-  mate
variability.

Descriptions  of  the  simulated  site  are
explained in Section 2 fol- lowed by the datasets
and methods used to construct and validate the
model  in  Section  3.  Finally,  in  Section  4  we
discuss  the  results  and the next  steps of  this
work.

2. Site description

The  Cosumnes  watershed  is  located  in
northern  California,  east  of  Sacramento  and
southwest of Lake Tahoe (see Fig. 1a). In all but
the upper watershed, the basin is bounded by
the  American  and  Moke-  lumne  rivers  and  is

approximately 7000 km2. Fig. 1a also illustrates
the substantial  change in elevation across the
model, which varies from approximately 2000 m
in the upper part and reaches the sea level in
the Central Valley. Fig. 1b depicts the land cover
of  the  Cosumnes  wa-  tershed.  The  blue  lines
indicate  the  main  branches  of  the  Cosumnes
River and its associated tributaries. As shown in
Fig. 1c, the Sierra Nevada Mountains are mainly
composed of plutonic rocks (granite) and  an
intrusion of volcanic rocks (basalt and gabbro)
at the intersection with the Central Valley, which
represents  an  alluvial  aquifer  (sand  and  clay
materials).

Precipitation  varies  significantly  within  the
study  area.  The  Sierra  Nevada  Mountains
receive up to 1500 mm of precipitation per year
(usually in form of snow) whereas rainfall in the
Central  Valley  is  ap-  proximately 660 mm per
year  on  average  (as  calculated  by  NLDAS-2
forcing,  Cosgrove  et  al.,  2003).  Due  to  the
topography,  the  geological  composition of the
Sierra Nevada Mountains, and the limited
rainfall in  the  Central  Valley,  water  in  the
alluvial  aquifer is  mainly a result of snowmelt.
Therefore,  a  better  understanding  of  the

dynamics  of  the Central  Valley  aquifers  involves  joint
modeling  of  the  Sierra  Nevada  mountains  block  and
Central Valley aquifers.

3. Methodology

The integrated hydrologic model ParFlow (Kollet and
Maxwell, 2006;  Maxwell,  2013;  Maxwell  and  Miller,
2005) coupled to the Community Land Model (CLM, (Dai
et al., 2003)) is used to solve the water-energy balance
from the bedrock to the lower atmosphere (Maxwell and
Miller, 2005). ParFlow solves three-dimensional variably
saturated  flow  with  the  Richards  equation  (Richards,
1931)  to  describe  flow  in  both  vadose  zone  and
saturated  groundwater  using  a  cell-cen-  tered  finite
difference  scheme.  The  interdependence  of
hydrodynamic variables in the variably saturated zone is
described  by  the  Van  Gen-  uchten  model  (van
Genuchten,  1980)  while  the  nonlinearities  are  ad-
dressed  with  a  Newton–Krylov  scheme  (Jones  and
Woodward,  2001).  Two-dimensional  surface  water  is
solved  via  the  kinematic  wave  equation  at  the  land
surface  (Kollet  and  Maxwell,  2006).  The  model  is
coupled with CLM to describe the interactions between
the land surface
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Fig. 1. Cosumnes watershed characteristics: (a) location, topography, and elevation (shown in meters above sea level in the 
color-bar) (b) land use and land cover, model boundaries, and location of river gauges. S represents the city of Sacramento, 
capital of California, and (c) geological map.

and  the  lower  atmosphere.  CLM computes  feedbacks
between water and energy fluxes near the land surface
including  actual  evaporation,  transpiration,  snow
dynamics,  and  infiltration.  Details  on  the  coupling
technique used to pair ParFlow and CLM are described
in the work of (Maxwell and Miller, 2005).

3.1. Model development

The simulated model is horizontally discretized at a
200  m  spatial  resolution. 8 layers comprise the
groundwater model, which follows the  terrain at a
thickness of 80 m with a variable vertical resolution

ranging



from 10 cm to 30 m (see Table 1). The thickness
of  the  model  is  suf-  ficient  to  capture
groundwater variations observed in the Central
Valley, which predominantly vary between 25
and 50 m below the land surface. In total, the
model is comprised of 1.3 million active cells.
Land surface elevations were obtained from the
USGS at 10 m resolution and up-scaled to  be
consistent with the resolution of the model (see
Fig.  1a  for  elevation  distribution).  Slopes  are
processed  with  a watershed routing algorithm
available through the GIS platform GRASS.
Boundary  conditions  are  delineated  by
topographic  boundaries and neighboring rivers
(see  Fig. 1b). The upper part of the watershed
consists  of  a  no-  flow Neumann boundary
condition. Segments of Dirichlet boundary



Consolidated Rocks type 1 Consolidated Rocks type 2 Plutonic Rocks
Alluvium type 1
Alluvium type 2
Alluvium type 3 Volcanic Rocks

(c)

Table 
1

Fig. 1. (continued)

USGS and DWR river gauges (USGS, 2018) and
California Data

Model characteristics: vertical resolution, assigned values of
porosity, specific  storage  and  Van  Genuchten  parameters.
Values  are based on  literature  review (Faunt et al., 2010;
Faunt and Geological Survey (U.S.), 2009; Flint et al., 2013;
Gilbert and Maxwell, 2017; Welch and Allen, 2014), manning
coefficients based on land use/land cover types and leaf area
indices, height values for alfalfa, pasture and         vineyards.              

Vertical resolution

Layer 1 2 3 4 5 6 7 8
z (m) 0.1 0.3 0.6 1.0 8.0 15.0 25.0 30.0

Hydrodynamic properties based on the geology

Exchange  Center  (2018).  While  further  delineations
could be made to better characterize fluctuations of the
river boundary conditions, sen- sitivity analysis revealed
the delineations shown in Fig. 1b are sufficient  to
capture the boundary dynamics through space and
time.

As shown in  Fig. 1c,  subsurface geology is  defined
based on USGS surficial geologic maps (Geologic Map of
California, 2015; Jennings  et al., 1977). For each type of
geological  formation,  we  assigned  re-  presentative
values (see Table 1) based on a literature review of the
following  parameters:  permeability,  specific  storage,
porosity, Van Genuchten α, n (Faunt et al., 2010; Faunt
and Geological Survey (U.S.),

                                                                                                        2009; Flint et al., 2013; Gilbert and Maxwell, 2017; Welch and 
Allen,

Geological Formation

Porosity
(–)

Speci
fic
Stora
ge

(m
−1

)

Van 
Genuchten 

α (m
−1

)

Van 
Genuchte
n n (–)

2014).  Areas of  urban  land  cover  are assigned a low
effective perme- ability while soil layers (first 2 m of the
model) have a higher perme- ability.

Bedrock 
(Consolidated, 
Plutonic and 
Volcanic Rocks)

0.02 10−6 3.0
3.0

Land  cover  is  defined  by  the  2011  NLCD  dataset
(Homer et al., 2015) and was updated to further refine
areas  of  agriculture  that  are  of  interest  to  our
simulations. Specifically, alfalfa, grape, and pasture

Alluvial aquifers 0.2 10
−4

3.0
3.0

Surface roughness based on land use

Land Use Manning Coefficient (h.m
−1/3

)

crops  were  delineated  by  the  2010  USDA’s  “cropland”
database (Boryan et al., 2011) and superimposed onto the
NLCD map. Land and vegeta- tion parameters are defined
by the International Geosphere-Biosphere-

                                                                                                        Programme (IGBP) database (IGBP, 2018) and further refined to 
ac-

Forest 5  × 10
−2

Shrub land and agricultural area 5

× 10−3 Urban areas 5  × 

10
−5

Crop properties

Crop Type and Reference Height (m)      Maximum
Leaf

Area Index (–)

Minimum 
Leaf Area 
Index (–)

count for specific crop characteristics based on
differences in Leaf Area  Index  (LAI),  height,  and
reflectance. The main crops within the wa- tershed are
alfalfa,  pasture  and  grape  vineyards.  We  derived  the
prop- erties of alfalfa  (Leaf Area Index, height values,
see  Table 1)  from the studies  of  Evett  et  al.,  (2000),
Orloff,  (1995)  and  Robison  et  al., (1969).  Grape
properties  were  obtained  from  (Johnson  and  Pierce,
2004; Vanino  et  al.,  2015).  Pasture  properties  were
obtained from (Buermann



Alfalfa (Evett et al., 2000; 
Orloff, 1995; Robison et 
al., 1969)

Pasture (Buermann et al., 
2002; King

et al., 1986; Rahman 
and Lamb, 2017)

Vineyards (Johnson and 
Pierce, 2004; Vanino et 
al., 2015)

0.6 6.0
2.0

0.12 6.0
1.0

0.9 3.0
0.6

et  al.,  2002;  King  et  al.,  1986;  Rahman  and  Lamb,
2017). Surface roughness is parameterized via manning
coefficients (Chow, 2009) as defined in Table 1.

We  performed  a  simulation  spanning  five  years,
where  the  first  two  years  correspond  to  the  spin-up
period  and  the  last  three  correspond  to  this  study’s
period of interest where a dry to wet transition was ob-
served. For all simulations during these five years, an
hourly  time-step
is used. The initial condition of the spin-up is a pressure
distribution

conditions are set along the American and Mokelumne
rivers. We define a set of patches (denoted by varying
colors in Fig. 1b) for which the river stages are imposed
as constant values at weekly time intervals. Values for
rivers stages indicated by stars in Fig. 1b were obtained
from

obtained  by  performing  a  kriging  of  available
groundwater table levels from the USGS database. 16
piezometers  within  the  domain  provide  groundwater
table distributions for model construction and validation.
However, because water table values are sparse in time
(mainly
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measured between 2005 and 2012),  we perform one-
time  spatial  kri-  ging  to  obtain  a  map  of  the  initial
pressure  field  at  the  beginning  of  the  spin-up  period.
Steady-state  simulations  were  then  performed,  re-
presentative  of  precipitation  minus  evapotranspiration
average climate forcing over the model to allow water to
move  along  topographic  gradients  not  represented  in
the kriging step of the spin-up. We then use the spatial
distribution  of  pressure  obtained  at  the  end  of  the
steady- state simulation as the initial conditions of the
transient 5-year simu- lation. As described above, due to
the inherent  uncertainties  of  the  initial  conditions,  we
discarded the first two years of the simulation as a spin-
up.  Appendix  A  shows  the  temporal  variations  of
groundwater  and  surface  water  storages  as  well  as
pressure-heads  for  these  two  years.  The  results
discussed hereafter only consider the last three years of
the simulation.

The meteorological forcing required by CLM includes
precipitation,  temperature,  east  to  west  and  north  to
south wind speed, long and short wave solar radiation,
air pressure, and relative humidity. We use phase 2 of
the  North  America  Land  Data  Assimilation  System
(NLDAS-2 for- cing, (Cosgrove et al., 2003)) dataset to
describe  the  spatiotemporal  variation  of  the
meteorological  conditions.  NLDAS-2  forcing  provides
hourly  atmospheric  variables  with  an  approximate
resolution of 14 km. Fig. 2 depicts the temporal variation
of  precipitation  and  temperature  during  the  three
selected  water  years  (from  October  2014  through
September 2017).  During this  study period,  the yearly
average  tem-  perature  in  the  Cosumnes watershed  is
14–16 °C; the warmest year is 2015 and the coolest year
is 2017. The monthly variations of tem- perature during
these years (shown in  Fig. 2c) indicate that the varia-
bility of temperature is mainly during the winter (from
November-  March). Compared to previous years, only
the 2017 winter months were  colder  (with  average
temperature  reaching  0  °C)  whereas  the  summer
temperatures  remained  very  similar  for  these  three
years (with tem- peratures varying between 25 and 30
°C). Contrary to the average yearly temperature, which
decreased from 2015 to 2017, the average
yearly precipitation increased from 2015 to 2017. The
average yearly
precipitation of the water year 2017 is approximately 4
mm/d,  almost  2–3  times  greater  than  the  average
precipitation in water years 2016

and 2015, respectively. Similar to the trends observed
for temperature, the monthly variation of precipitation
(Fig.  2d)  shows  that  these  dif-  ferences  are  mainly
during  the  winter  period.  Regardless  of  the  year  or
winter conditions, the summer in the Cosumnes remains
hot  and  with  a  very limited (almost non-existent)
amount of precipitation. This trend is  typical  of many
watersheds across the state of California.

As stated previously,  the Central  Valley  is  a highly
agricultural area subject to irrigation and pumping. To
the  best  of  our  knowledge,  there  is  not  an  accurate
pumping  and  irrigation  dataset  available  to  populate
model  fluxes  in  the  Central  Valley.  We,  therefore,
approximate these values via an estimation technique
that accounts for land use as defined by each county.
We use cropland data derived from the aforementioned
USDA cropland map to describe the spatial distribution
of crops within the area. Based on this cropland map,
we then use an estimation of applied water (defined as
the  amount  of  water  required  by  a  crop  to  grow
optimally) via crop and county-specific irrigation values,
as  dic-  tated from a DWR database (California
Department of Water Resources, 2010).  The  total
estimated amount of irrigation, which is considered as
rainfall  in  the  model,  represents  35  to  75%  of
precipitation depending on the water year.

Groundwater  pumping  rates  are  derived  using  the
calculated quantity of applied water. It is assumed that
the  irrigated  water  is  de-  rived from either a)
groundwater aquifers or b) surface water diversions if
the  cropland  is  adjacent  to  a  river  cell.  Fractions
between  ground-  water  pumping  and  river  diversions
have been determined using DWR and USGS database
and  were  used  to  delineate  their  proportions.
Groundwater pumping wells locations are approximate
and assigned by utilizing an average land-parcel  size-
specific to this region (equal to 1500 m), which acts as
an  approximate  (e.g.  through  cell-centering)  pumping
location. In doing so we approximate the distribution of
the pumping across the modeled region. Furthermore,
we have defined two types of pumping: industrial and
agricultural, which affect the magni- tude and duration
of extraction in the model. We have assumed that the
pumping  rate  for  industrial  purposes  is  constant  with
time while agri- cultural wells are only active from the
beginning  of  April  to  the  end  of  November,  a  period
determined based on discussions with stakeholders
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and trends in meteorological data. The latter indicates
that during this  period rainfall  is  almost  non-existent,
therefore  irrigation  is  necessary  to  meet  the  water
needs  of  this  agricultural  area.  The  above  procedure
ensures closure of the water balance, where calculated
agricultural and industrial water demands are extracted
from either groundwater or surface water sources and
re-introduced as applied water over irrigated croplands.

3.2. Comparisons  with  satellites-based  products  and
measurements

Hydrologic models require many parameters and 
their spatial dis- tributions, all of which are associated 
with uncertainties that stem from an incomplete 
knowledge of the system. Although the hydrologic 
model used in this study is highly resolved in both time 
and space, parameter values are assigned based on 
existing datasets and literature values (as discussed in 
the previous paragraphs). Therefore, model calibration, 
which is usually performed by comparing model outputs 
with mea- surements (e.g. hydraulic head, water levels 
in rivers, or discharge), is required. While the Cosumnes 
watershed provides an opportunity to study the semi-
natural stream dynamics occurring at watershed scales, 
this region is typical of many other watersheds across 
the state in that the measurements for calibration are 
sparse (see in Appendix B for a description of the 
available data). Publicly available datasets on 
groundwater and surface water levels are insufficient to 
co rrectly de- scribe the strong heterogeneities of the 
Cosumnes watershed through inverse modeling or 
calibration procedures. This is in agreement with the 
California Department of Water Resources (DWR), which
states that the lack of information is the main limitation 
when analyzing and ac- curately quantifying 
groundwater resources during the water manage- ment 
process. We, therefore, use satellite-based data in 
addition to the few local measurements with good 
temporal characterization to vali- date the model. 
Although only typically available at large spatial-re- 
solutions (typically several kilometers), these products 
provide useful information about different c omponents 
o f t he h ydrologic cycle. Because the model simulates 
coupled processes occurring near the surface and in the
subsurface, we identified t hree components of the 
hydrologic cycle impacted by groundwater-surface 
water and land en- ergy processes: snowpack, 
evaporation, soil moisture.

3.2.1. Local measurements of surface and groundwater
pressures

We selected three river gauges, the only ones in the
area  to  the  best  of our knowledge with continuous
measurements, and four piezometers  recording
groundwater  levels  at  bimonthly  and  biweekly  time
steps  to  perform comparisons  with  simulated  results.
Fig. 1c shows the location of the selected measurement
points.  We  note  that  subsurface  mon-  itoring  of
available data only exists in the Central Valley region of
the model, while river gauges observations are located
in  both the Sierra  Nevada Mountains and the Central
Valley.  Comparisons  with  ground-  water  and  surface
water  measurements allow us to assess the ability  of
the  model  to  reproduce  subsurface  and  surface
hydrodynamics simu- lated by ParFlow.

3.2.2. Remote sensing products
For the land surface processes computed by CLM, we

rely on remote  sensing-based  products,  as  in  situ
measurements  of  land  surface  fluxes  are  less  continuous  in
time.  Some of these measurements,  such as  ET,  can also be
highly uncertain (Fisher et al., 2017), despite advancements in
flux tower t echnologies, f or example, m aking r emote s
ensing pro- ducts a good alternative for model comparisons.

3.2.2.1.Snow  water  equivalent  snow  data  Assimilation  system
(SNODAS)  and (Bair  et  al.,  2016) reconstruction.  The National
Weather Service’s Snow Data Assimilation (SNODAS) (National
Operational  Hydrologic Remote  Sensing  Center,  2004)
integrates snow data from satellite,
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Weather  Prediction  (NWP)  models  and  to
simulate snow cover using   a physically based,
spatially  distributed  energy  and  mass-balance
snow  model.  The  database  provides  a  daily
gridded  estimate  of  snow  depth,  SWE,  and
related snow parameters at a 1 km resolution
within  the  continental  United  States.  The
accuracy of SNODAS data has been assessed in
many studies (Anderson, 2011; Bair et al., 2016;
Clow et al., 2012; Hedrick et al., 2015) which
have shown that SNODAS provides a reasonable
estimation  of  snow  water  equivalent.
Comparisons  with  ParFlow-CLM  SWE
distributions allow for the assessment of model
performance  during  different  meteorological
conditions.  We  also  compare  the  simulated
ParFlow-CLM  SWE  to  a  reconstruction  method
by Bair and co-authors (2016), which has been
shown to represent snow patterns with higher
accuracy  than  SNODAS.  The  reconstruction
method by Bair et al. uses a full energy balance
model  to  calculate  snowmelt.  It  incorporates
remotely sensed snow albedo adjusted for light-
absorbing  impurities  and  utilizes  an  accurate
daily  Moderate  Resolution  Imaging
Spectroradiometer  (MODIS)  fractional  snow‐
covered  area  from  a  time‐space  smoothing
method that
accounts  for  ephemeral  snow.  The  Bair  et  al.
SWE  reconstruction  maps  utilized  over  the
Cosumnes watershed are approximately 500 m
in resolution and are available at a daily time
step.

3.2.2.2.Mapping  evapotranspiration  at  high
resolution  with  Internalized  calibration  (METRIC).
METRIC (Allen et al., 2007) is an image processing
tool used to compute  efficient  and  accurate  ET
as   a residual  of  the  energy  balance  at   the
Earth’s  surface  using  the following equation: ET
= Rn -G-H. Where, Rn  is  the  net  radiation  (total
net  shortwave  and  longwave  radiation  at  the
vegetation or soil surface), G is sensible heat flux

conducted into the ground and  H  is sensible to heat flux
convected into the air.

The surface  energy  balance  is  internally  calibrated
using ground- based reference ET that is based on local
weather  or  gridded  weather  data (such as NLDAS)
datasets to reduce computational biases inherent  in
remotely sensed energy balance (Allen et al., 2007). The
fundamental  principle  underlying  METRIC  is  that
evaporating liquids absorb heat. The difference in these
three terms above (Rn, G, and H) represents the amount
of energy absorbed during the conversion of liquid water
to vapor.

3.2.2.3.Soil  moisture  active  passive  (SMAP).  SMAP
(SMAP,  2015),  a  NASA mission in response to the
National Research Council’s Decadal Survey launched in
2015, makes global measurements of the soil moisture
present  at  the  Earth’s  and  surface.  SMAP  provides  a
capability for global mapping of soil moisture with good
accuracy,  resolution,  and  coverage.  The  satellite
measures direct sensing of soil moisture in the top 5 cm
of the soil column with radiometers (Entekhabi et al.,
2010; Piepmeier et al., 2017). NASA has produced the
SMAP data at four different levels. In this work, we use
level 4 SMAP (Reichle, 2018; Reichle et al., 2017), the
only level integrating the root zone with a reasonable
spatial  resolution  and  a  sufficient  time-series  of
observation  to  perform  comparisons  with  the
simulations  in   this   study.  Chan  et  al  (2016)
demonstrated  that  SMAP  is  in  good  agreement  with
ground measurements.

3.3. Watershed dynamics and trends

Our analyses are focused on studying the impacts of
extreme  changes  in  climatic  conditions  on  the
spatiotemporal  evolutions  of  the  snowpack,  process-
based  fluxes  connecting  the  land  surface  to  the
subsurface  (e.g.  ET  and  infiltration),  pressure-heads,
and  water  storage.  Surface  water  and  groundwater
storages are calculated by Eqs. (1) and
(2) respectively.

nSW

airborne platforms and ground stations. SNODAS also 
includes procedures to ingest and downscale output 
from the Numerical

StorageSW
i

6

xi 
×

yi × i

(1)
=
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where StorageSW is the surface water storage, nSW is the
total number of river cells,  xi and yi are discretizations
along the x and y directions,
respectively, i is of cell, and i is the pressure head. Note
that because ParFlow-CLM is  an integrated hydrologic
model, only surface cells whose pressure is greater than
0 are taken into account in the surface water storage
summation.

measurements show that the highest pressure-head in
the wet year  is  equal to the highest of the dry year.
Several reasons may be responsible  for  such  an
observation,  including  instrumentation errors  or  water
management  effects,  as  these  measured  values  are
indicative  of  a  kind  of threshold. The station MFR
located on the outskirts of the city of
Sacramento has the greatest L2value equal to 0.8 m.
Measurements

StorageG

W =
nG
W

i

xi 
×

yi 
×

zi 
×

i × (Ssi/ 
i) (2

)

values marked by many peaks are very different from
the MHB station. The large errors might be related to
the location of this station close to the city. The water
regulators could impose water levels variations in

where StorageGW is the groundwater storage, nGW is the
total number of  subsurface  saturated  cells,  zi is  the
discretization along the vertical  direction the cell,  Ssiis
the specific storage, and ithe porosity

In addition to better understanding the changing of
hydrological  conditions  in  response  to  these  end-
member  climatic  conditions,  our  study  evaluates  the
interconnection  between  the  different  hydrological
reservoirs  as  well  as  all  the timing and magnitude of
processes leading to the movement of water from the
subsurface to the lower atmosphere. Insights from these
simulation results offer a better understanding of how
water dynamics across California may change in the
future.

4. Results and discussion

In this section, comparisons between model outputs
(SWE,  soil  moisture,  and  ET)  and  satellite-based
products and simulated and measured groundwater and
surface levels are shown as part of the model validation.
We further  study  and  explain  the  yearly  variation  of
these  outputs  of  interest  as  well  as  their  spatial
distributions.

4.1. Comparisons between model outputs and satellite-based 
products and measurements

In addition to comparing the absolute values of the
above metrics in time and space, comparisons between
model  outputs,  local  measure-  ments  and  remotely
sensed  data  will  be  based  on  the  evaluation  of  the
following metrics:

i. Absolute differences are given by:

the river. Such regulations are not taken into account in
the  model.  However,  note  that  the  majority  of  signal
peaks occur at  the same time in the model as in the
measurements.

Comparisons  between  measured  and  simulated
pressure-heads  (with  respect  to  the  bottom  of  the
domain at depth of 80 m) are shown in Fig. 3b. Table 2
lists  L1and  L2values.  Due  to  the  uncertainties  in  the
spatial and temporal variations of pumping rates, it  is
difficult  to  re-  produce the measured groundwater
levels. Piezometers 3 and 4, located in the upper part of
the Central Valley show the best match with
measurements  (i.e.  the  lowest  absolute  and  relative
errors). We noted the piezometer with the best match
(3) is the only piezometer in the area with more than
100  years  of  biweekly  monitoring.  Measured
groundwater  levels  at  this  piezometer  show  that
pressure-heads  de-  crease  from  year  to  year,  as
calculated in the model. For the other piezometers (with
errors  greater  than  1  m),  model  results  show  an  in-
crease of groundwater pressure-heads in the winter of
the wet year  2017, while  measurements indicate that
the  pressure-head  is  not  in-  creasing  during  the  wet
year.  Such  behavior  can  be  explained  by  a  lack  of
reported  pumping.  We  also  notice  that  for  these
piezometers,  the  decrease  in  the  water  table  levels
observed in summer seems to be shifted in time.

These comparisons allow us to conclude that the
developed model is  able  to  simulate  surface  and
groundwater  levels  variations  and  trends.  In  the next
sections, we will investigate the ability of the model to
capture land surface processes (SWE, soil moisture, and
ET), as com- puted by CLM.

4.1.2. Comparisons with remote sensing products

L1i,j
|
Xmesi,j

Xsimi,j (3
)

4.1.2.1.Comparisons with SNODAS. Fig. 4a shows the 
comparisons between averaged total SWE obtained with
ParFlow-CLM, SNODAS,

where  L1i,j is the absolute difference associated with cell  i
and  time  j,  Xmesi,j is the measured (or remotely sensed)
data, and Xsimi,j  the simu-  lated value.

ii. Relative differences L2i,j are given by:
|  X  mes  i  ,  j        X  sim  i  ,  j     |  

and Bair et al.’s reconstruction through the three water
years of interest. In general, the results obtained with
SNODAS and ParFlow-CLM are in  good  agreement,
where the peaks, as well as, the periods without snow
are  consistent  between  the  two  approaches.  The
differences  between  the two models are most
pronounced in the heavy snowfall year (thewater year 2017). For this year, both models reproduce the firstpeak,

L2i,j = Xmesi,
j

(4
)

however, the representation of snow in SNODAS shows trends of 
faster
melting snow in comparison to ParFlow-CLM  results. The 
time average of  L1  of SNODAS is equal to 3.09 mm, 
whereas the one associated with

iii. We also calculated the Pearson correlation coefficient
to study the linear correlation between our model 
and the available data

4.1.1. Comparisons with local measurements of surface and groundwater
pressure-heads

Fig.  3a  illustrates  the  comparison  between  measured  and
simulated surface pressure-heads. Results obtained with ParFlow-



CLM are in reasonable agreement with measurements.
In general, simulated sur- face pressure-heads signals
are smoother than measured signals. We
calculated the time-average of the absolute L1and
relative L2differences
between measurements and simulations for  the three
stations  (see  Table 2). The station CNF located
upstream in the Sierra Mountains has a time-average
L1and L2equal to 0.8 m and 0.5 respectively. Due to its
location, water levels variations reach approximately 7
m in the wet year while they never exceed 4 m in the
intrusion and the Central  Valley. The MHB station has
the lowest time-average L1and L2 (equal to
0.4 m and 0.36 respectively). We noticed that while the
model indicates that   the   pressure-head   significantly
increases   in   the   wet   year,

Bair et al.’s reconstruction data is 3.80 mm. L2,  as well
as, the correlation coefficient associated with SNODAS
(Table  2)  indicates  that the results obtained with the
model are more close to SNODAS than  Bair et al.’s
reconstruction. Compared to Bair et al.’s reconstruction,
the model outputs overestimate SWE in the wet year.
Even though the water year 2017 is wet and cold, Bair
et  al.’s  reconstruction  indicates  that  the  SWE for  the
water year 2017 is slightly superior to the SWE of the
dry  year  2016  within  our  area  of  interest.  The
differences  of  SWE  obtained  with  Bair  et  al.’s
reconstruction and ParFlow-CLM outputs  might  due to
the spatial resolution of the meteorological forcing. Bair
et al., (2016) downscaled NLDAS data and accounted for
elevation changes, whereas in the hydrologic model the
meteorological forcings are homogeneous over a 14 km
resolution  grid.  For  the  first  water  year  (2015),  the
differences  between  ParFlow-CLM  and  SNODAS  are
small (less than 5 mm), SWE obtained with SNODAS are
greater than the ones  obtained  with  ParFlow-CLM.
Contrary to the water years 2016 and 2017 where the
estimated  SWE  obtained  with  ParFlow-CLM  is  much
greater than SNODAS data, the differences can reach
30 mm. This
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Fig. 3. Comparisons between measured and calculated (a) surface and (b) groundwater pressure-heads. Measurements locations are
indicated in Fig. 1c.

difference is most evident during periods of when
snowmelt in ParFlow-  CLM  is  more  rapid  than  in
SNODAS. Nevertheless, the two results remain in good
agreement  indicating that  our  model  is  capturing the
temporal evolution of SWE.

4.1.2.2.Comparisons with METRIC. METRIC provides
actual ET values at  the daily  time step and a spatial
resolution up to 30 m. However, these values are not
continuous in time as only a selected number of days is
publicly  available.  We compare the relative change of
ET  obtained with ParFlow-CLM and METRIC dataset by
normalizing  the  time-series  from  0-1  (see  Fig.  4b).
Normalization allows us to directly compare the trends
in the two time-series signals, which is most important

in assessing the physics-based behavior of the system. We also
limit  our  comparison  to  the  temporal  evolution  of  the  relative
variation of domain-averaged evapotranspiration since the
resolutions
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of the two datasets (ParFlow-CLM and
METRIC) are quite different. In general,  the
results obtained with the two models are very
similar  for  the  first  two  water  years  (2015
and  2016),  which  are  during  the  drought.
However, for the water year 2017, which was
very wet, the METRIC data indicate a relative
variation of ET much lower than that of
ParFlow-CLM.  The  higher  relative  ET
simulated by ParFlow-CLM is likely due to the
integrated  nature  of  the  model,  and  the
physics  of  the  simulation  which  allow  for
water  withdrawal  from  deeper  reserves  of
groundwater. In contrast,  METRIC calculates
an  actual  ET  based  on  a  surface  energy
balance  and  the  type  of  vegetation,
neglecting  the  movement  of  water  in  the
subsurface  and  its  feedback  in  the
atmosphere.  Such  a  disparity  in  these
approaches can lead to very different results
especially during a dry period followed by a
wet  period,  where  the  three-dimensional
connection  of  soil  moisture  and  subsurface
saturation to the atmosphere can be very
important.

8
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Table 2
Comparison between measured and calculated surface and 
groundwater levels and satellites-based products.

to the strong temporal variations of ET.

Measureme
nts

L1(m) L2

4.1.2.3.Comparisons with SMAP. SMAP data are only
available for two  years  between  October  2015  and
October 2017 and thus are compared to ParFlow-CLM
simulations for this time frame only. Comparisons

River stages (CNF) 0.8 0.5
River stages (MHB) 0.4 0.36
River stages (MFR) 0.57 1.09
Groundwater Levels (Well 1) 3.73 0.0553
Groundwater Levels (Well 2) 1.63 0.025
Groundwater Levels (Well 3) 0.476 0.0077
Groundwater Levels (Well 4) 1.08 0.016

Satellites-based products

L1 L2 Pearson correlation 
coefficient

SNODAS (mm) 3.09 3.77 0.97
Bair et al., 2016 (mm) 3.80 2.69 0.84
SMAP (-) 0.217 3.07 0.94
METRIC (mm/s) 0.0367 1.40 0.6

The calculated  L1 and  L2 show that there is a good
agreement be- tween the model and METRIC. However,
we obtained a low Pearson correlation coefficient (equal
to 0.6) of the two datasets. This might due

(a
)

between SMAP level 4, which computes the soil
moisture within the top  1  m  of  the  land  surface,  is
derived by considering measurements of soil moisture
coming from radiometers but also a geophysical model
to  account  for  the  soil  moisture  within  the  root  zone
which is set to 1 m (Reichle, 2018; Reichle et al., 2017).
The spatial resolution of SMAP is  9  km,  with  outputs
every 3 hours. To compare the simulated ParFlow- CLM
model output to SMAP, we compare the scaled variation
of  soil  moisture obtained by normalizing each time-
series onto a scale between 0 and 1. This normalization
is necessary because when looking at the exact values
on  large scales  (e.g.  at  the 9 km resolution  of  SMAP
data),  the  parametric  uncertainties  will  have  a  lower
impact  on  the  relative  variations  than  on  the  exact
values. Fig. 4c shows the comparisons between relative
variations of soil moisture obtained with ParFlow-CLM
and  SMAP  level  4,  which  show  that  the  relative
variations  of  soil  moisture  obtained  with  the  two
methods  are  generally  in  good  agreement  with  each
other.  Our  results  show  that  the   relative  variations
between  the  two  models  are  most  similar  during
summer.  During winter, soil moisture obtained with
ParFlow-CLM shows strong  fluctuations  while  soil
moisture obtained with SMAP is smoother. This
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Fig. 4. (a) Comparisons between domain-averaged total snow water equivalent obtained with ParFlow-CLM, SNODAS and Bair
et al., reconstruction, (b) Comparisons between actual evapotranspiration obtained with ParFlow-CLM and METRIC, (c) Relative
variation of soil moisture obtained with ParFlow-CLM and SMAP. Note that the x-axis of (c) is shorter given the limited duration
of SMAP level-4 data during the simulation.



Fig. 5. Time evolution of the daily average of actual
evapotranspiration for the  three simulated years. Time is
represented in fractions of the water year, where time zero
corresponds to October 1st.

is possibly due to the more resolved time step used in
the ParFlow-CLM (1 hour) versus that of SMAP (3 hours),
but also the dynamics taken into account in this physics-
based model beneath 1 m, which are not represented in
SMAP.  Contrary  to  SMAP,  ParFlow-CLM  solves
hydrodynamics  in  the  entire  system  including  the
deeper  vadose  zone  and  groundwater.  These
fluctuations can thus be related to the sharp variations
of water content (from dry to wet conditions) inherent to
the  resolution  of  the  flow  in  the  vadose  zone.
Nevertheless, the generally good agreement of the soil
moisture variations indicates that the model is correctly
reproducing  the  trends  of  water  content  in  the  soil
through  time. Moreover, the correlation coefficient
shown in Table 2 equal to
0.94 indicates that the two results are in agreement.

4.2. Cosumnes watershed dynamics

4.2.1. Actual evapotranspiration
Fig. 5 depicts the time evolution of simulated actual

ET for the three water years of interest. We represent
the daily  averaged-trend of  these variations  since  ET
values show sharp fluctuations due to the strong hourly
variations,  diurnal  cycling,  and  correlations  to  short-
term weather conditions. Simulated actual ET for water
years 2015 and 2016 are similar, while the variation of
total  ET  for the water year 2017 (the wettest year) is
greater than the two previous dry years. As shown in
the preceding paragraphs, the precipitation in the 2017
water  year  is  at  least  twice  as  large  as  that  of  the
previous  dry  years.  Recall  that  al-  though  the  2017
water  year  is  wet,  the  summers  are  still  hot.  A  wet
winter leads to wet soil and shallow vadose zone, and
therefore a suf- ficient quantity of water to satisfy the
strong evaporative demand, re- sulting in a high level of
ET.

Fig. 6a-c shows the spatial distribution of the annual
average of actual ET for the three water years studied.
As observed in the analysis  of the global variation of
actual ET per year, the wettest water year (2017) is the
year with the highest rate of ET. However, we can
observe  that  the  trend  of  the  spatial  distribution  of
actual  ET  remains  the  same  over  the  years,  and  is
attributed  to  mostly  differences  in  land  use  and  land
cover, but also other factors such as underlying geologic
unit, to- pography, and proximity to rivers or streams.

Unsurprisingly, the for- estlands of the Sierra Nevada Mountains
have  the  greatest  values  of  actual  ET.  Vicinity  to  the  rivers
throughout  the  forests  is  also important  due  to  the  higher
availability  of  water.  The  city  of  Sacramento,  located  at the
northwest limit of the watershed, has relatively low ET
compared to the rest of the area. The spatial distribution of ET is
very  hetero-  geneous within the agricultural region of the
Central Valley. Indeed, we can see that the alfalfa fields (located
at the southwestern end of the model) are characterized by a
very weak annual ET value, unlike the
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pasture  fields  (located  at  the  center  portion  of  the
model) whose annual
ET value is very high.

Fig.  6d  and  6e  show  the  average  annual
percent change in  ET  re- lative to the average
annual  ET of the water year 2015. The relative
change  in  ET  (  ETi)  is  computed  using  the
following equation:

ET 
ET  i  ,2015   ET  i  ,  y   100.0ETi,2015 (5)

where ETi,2015 is the annual average of  the ET  of the
cell i  in  2015 and  ETi,y the annual average of ET of
the cell i  for the water  year y (y being  either 2016
or 2017)

As expected,  one can see that  the  percent
change of  ET  is  lower for the dry year (2016,
Fig.  6d),  where  regions  of  the  Sierra  Nevada
Mountain  forests  and  the  city  of  Sacramento
experience the highest yearly change of annual
ET, on the order of approximately 10%. For the
wet  year  (2017,  Fig.  6e),  ET  is  at  least  20%
higher  throughout  most  of  the  domain.
Additionally, large portions of the Sierra Nevada
Moun-  tains  show  high  increases  in  ET,  with
some  regions  of  the  mountains  exhibiting  a
relative change of  ET  greater  than 60%, most
notably where plutonic rocks exist in the model.
ET changes in the Central Valley are lower than
those in the mountains but are still substantial.
In 2017, water year average annual ET of grape
crops  change  from  any-  where  between  35%
and  60%,  a  variation  almost  equal  to  the
variation  in  the  Sierra  Nevada mountains  and
greater  than  the  variation  of  pas-  ture  crops
(around  ~20%).  This  indicates  that  although
grapes are characterized  by a relatively  small
amount of ET compared to other land use types,
their changes in ET patterns are more sensitive
to weather conditions compared to other crops,
such as pasturelands.

The spatial trends observed in Fig. 6d versus
those in  Fig. 6e are slightly different. While the
Cosumnes River and its tributaries show a lower
annual  change  in  ET  in  the  water  year  2016
(less  than  5%),  ET  is  these  areas  change  by
more  than  30% in  the  wet  water  year  2017.
Because after a wet water year the water
storage in the Cosumnes River  and  its
tributaries mainly fed by snowmelt is high, the
water  available  to  meet  the  evaporative
demand is high. The highest percent change in
ET occurring in the water year 2016 take place
across  the  majority  of  the  Sierra  Nevada
mountain  range,  whereas  the  location  of  the
greatest percent change in the water year 2017
occurs mostly in topographically  and
geologically  distinct  areas,  indicative  of
groundwater  and  surface  water  convergence.
After a wet winter, water will converge towards
these areas and will increase soil moisture and
the  water  availability.  Evaporative  demand  is
not water limited in these situations, and as a
consequence, actual ET increases. The changes
in ET are higher in the Sierra Nevada mountains
than in the Central Valley because in the former
the  presence  of  pumping  wells  make  ET  less
sensitive to the changes in climate.

Our results show that variations in extreme

climate  events  will  impact  the  ET  export  of  water  in
certain regions of a watershed more than others, and
that the degree to which a specific region is vulnerable
to climate extreme is related to many factors including
topography,  hydrologic  connection  to  adjacent
groundwater  and  surface  water  bodies,  pumping  and
irrigation, geologic unit type and parameteriza- tion, and
land use type.

4.2.2.Surface water

As expected, the peak surface water storage of the
wettest  water  year  (2017)  is  approximately  twice  as
large as the peak of the previous year (Fig. 7a). Annual
variation of  surface water storage is  directly linked to
the fluctuation of precipitation, and thus the difference
be- tween different water years is most prevalent in the
winter season. In the summer, surface water storage is
approximately equivalent for all the three water years
(i.e.  during  baseflow  conditions),  reflecting  an
equilibrium  condition  of  the  surface  flow  dynamic,
regardless  of  the  amount  of  moisture  in  the  system
during the winter. Such behavior is
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Fig. 7. Time evolution of (a) surface water storage and (b)
groundwater storage for the three simulated water years.

typical of watersheds located in an area where winters
are cool and wet and the summers are hot and dry (Jan
et al., 2004; Maurer and Duffy, 2005; Mount et al., 2001;
Moyle et al., 2003).

4.2.3. Groundwater
Fig.  7b  shows  that  the  time  evolutions  of  the

groundwater  and  surface  water  storages  have  similar
trends with regards to peak storage. An analysis of daily
variations in  groundwater  storage for  the  three years
shows that these variations are different. The water year
2015 is  characterized  by a groundwater storage peak
that  occurs  early  (De-  cember-January),  while  the
groundwater storage peak occurs in Feb- ruary and April
during the 2016 and 2017 water years. This is due to
the temporal variation of precipitation for the different
water years. As shown in section 2.1, precipitation starts
earlier  in  2015  than  in  the  other  water  years.
Groundwater  storage  dynamics  between  the  three
simulated  water  years  also  reveal  interesting  trends
related to the rate of aquifer “rebound” in the presence
of a precipitation event. As shown in Fig. 7b, the shape
of the groundwater storage curve in the second year of
the drought (the water year 2016) is very dissimilar to
those of the other water years. The shape of the water
year 2015 groundwater storage curve has trends similar
to those of the associated surface water storage curve
(Fig. 7a), where individual precipitation events or clus-
ters of events show clear rise and fall signatures in
both metrics. In
contrast, the dry antecedent moisture condition of the
previous water year influences the shape of the water
year 2016 groundwater storage curve to be dampened,
and unlike that of the associated surface water curve,
most notably in the first half of the water year.

Groundwater storage significantly increases in the
winter during the wet year (2017) with a peak twice as
large as the one occurring during the previous dry year.
However,  regardless  of  the  magnitude  of  winter
precipitation within a given water year, the receding tail
of  the  storage  curve  shows  trends  towards  nearly
equivalent  storage  values  in  the  summer  during  the
drought  water  years.  Interestingly,  the  groundwater
storage quantity during the summer after the wet 2017
water  year  shows  slightly  lower  groundwater  storage
than  the  storage  measured  at  this  point  of  the  year
during the drought. This is due to the combined effects
of (1) the resulting actual ET after a wet winter that is so



high (as  discussed  in  section  4.2.1.)  and  the
subsurface will keep losing water, therefore, its
storage  decreases  and  (2)  the  groundwater
pumping  rates  in  the  Central  Valley  that  are
high  enough  and  their  effects  on  aquifer
depletion intensify from year to year as the size
of the vadose zone increases.

Fig.  8 depicts the spatial  distribution of the
relative variation of pressure-head at the lowest
layer  at  time  “A”  indicated  in  Fig.  8b  with
respect to the pressure-head at the same period
at the initial condition



(a)
2015

(b)
2016

(c)
20
17

Relative 
variation of 
pressure-
head

0.1

0.075

0.05

0.025

0

Fig. 8. Spatial distribution of the relative variation of pressure-head iat time “A” indicated in Fig. 7b with respect to the 
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of the three-year simulation (the water year 2014). We 
calculated the relative distribution of pressure-head using 
the following equation:

          i  ,  t  0            i  ,  t  

i,t0 (6)

where i is the relative variation of pressure-head at cell
i,  i,t0  is  the pressure-head of the cell i at 09/30/2013
and   i,t corresponds to the
pressure-head at time t where t is 2015, 2016 and 2017
at fraction of water year of 0.8.

The spatial distribution of the relative variation of the
pressure-head  indicates  that  the  yearly  variation  of
pressure-head  is  less  than  1%  in  the  majority  of  the
Cosumnes watershed. Despite the wet year and its high
pressure-head in winter, the pressure-head (as well as
the storage) returns to back to a baseline value. This is
due to  the  increase of  ET  during  the wet  year;  even
though the  pressure-head increases  two-fold  during a
wet year the resulting ET during the summer is twice,
which
inhibits the effect of the wet year (see Eqs. (5) and (6)).
Note, however,  that  these  relative  variations  of
pressure-head remain higher in the plutonic rocks of the
Sierra Nevada (characterized by the highest changes in
ET  as  discussed  in  Section  4.2.1.)  and  close  to  the
pumping wells, indicating that the effects of pumping
wells are hardly masked by  the  preceding  heavy
precipitation  in  the  winter.  Indeed,  the  footprint  of
pumping  increases  over  the  years  (see  Fig.  8),
explaining the decrease in storage. Our study assumes
(1) that the annual pumping rate is the same for three
years and that (2) the location of these pumping wells is
approximate.  An  accurate  evaluation  of  the  pumping
rate as well as their location might lead to a different
map  of  pressure-head  distribu-  tion. Nevertheless,
depletion of groundwater resources in California has
been documented in  many studies  (Famiglietti  et  al.,
2011)  which  strengthens  the  general  findings  in  this
study: storage does not increase despite the increase of
a  heavy  precipitation  year.  Our  work  also  de-
monstrates that this decrease of water storage in this
representative California  watershed is  more related to
anthropogenic  activities  than  climate  extremes
conditions.  To  further assess the decrease of  ground-
water storage due to these anthropogenic effects,
and to understand
why  storage  decreases  after  the  wet  water  year,  an
identical  “baseline”  ParFlow-CLM  simulation  was
performed  without  irrigation and pumping. The impact

of  simulated  groundwater  depletion  rates  within  the  Central
Valley and the compounding effect on storage through time is
quantified in Fig. 9, which shows the relative difference (see Eq.
(7)) between the baseline and pumping/irrigation case for the
three water years of interest.

=i



Fig.  9.  Relative  difference  in  simulated  storage
between  the  baseline  and  pumping/irrigation  case
for the three water years of interest.

simulation with pumping and irrigation at time t.
In general, a 5–10% decrease in storage is

observed in the pumping/  irrigation  case
compared  to  the  baseline  simulation.  A
depleting  groundwater  storage  trend  should,
therefore, be evident in the results shown in Fig.
7b if  it was not for the approximately  2×  and
4×  in- crease in precipitation in the 2016 and
2017  water  years  (respectively)  following  the
drought.

To assess the effect of climate extreme years
on  local  water  table  dynamics,  we  selected
three different points in the Central Valley (lo-
cations shown in Fig. 1c labeled points a, b, and

c) to study their temporal dynamics. These points allow
us to understand the changes in groundwater levels at
different  locations  (ranging  from  those  upstream  to
those  downstream)  of  the  Cosumnes  River.  Like  the
global variation in groundwater storage, dry years are
characterized by lower magni- tude peaks compared to
wet years. Regardless of whether the winter was after a
dry  or  wet  year,  the  water  level  in  the  subsurface
decreases  in  summer  to  reach  equilibrium  conditions
that are nearly identical  from year to year.  The three
points show similar temporal variations as indicated in
Fig. 10; the peaks, as well as, the decreases in pressure-
head occur at the same time. However, the amplitudes
of the pressure- head variation for the three points are
different. Our results show that for  the  points  located
in  the  upper  part  of  the  Central  Valley, the
magnitudes of variation  are  smaller, and  water table  levels
vary sig-

Storage = 
StorageGWsimulation,t

StorageGWbaseline,t

nificantly in the lower part of the Central Valley as indicated by 
the

GW ,t StorageGWsimulat

ion,t

(7)
variations at points A and B. This is mainly due to the geological
characteristics of the aquifer, where point C is located in an 
area with

where  StorageGW,t is the relative difference of the total
groundwater  storage  of  groundwater  at  time  t,
StorageGWbaseline,t is total groundwater storage   obtained
with   the   baseline   simulation   at   time   t   and
StorageGWsimulation,t   is the total groundwater storage

obtained with the

lower hydraulic conductivity, which leads to a small 
amount of in- filtration and movement of water.

To understand how seasonality affects the spatial 
distribution of groundwater and surface water pressure-
head, Fig. 11 shows simulated
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Fig.  10.  Temporal  variation  of  daily  average  of  pressure-
head at the last layer of the model at three selected points
(see Fig. 3a).

pressure-head distribution of the bottom (corresponding
to  the  lowest)  layer  of  the  model  for  winter  (a)  and
summer  (b)  conditions  of  the  water  year  2017.  The
same spatial distributions have been observed for the
water years 2015 and 2016. Therefore those results are
not  shown  for succinctness. As discussed previously
(see discussion of the relative variation of pressure in
Fig. 8), the difference between these years is mainly in
the amplitude of variation of the storage, not its spatial
dis- tribution. From year to year points with the highest
pressure-heads  (Sierra  Nevada  mountains)  as  well  as
those  associated  with  low  pres-  sure-heads (volcanic
intrusion, depressions created by pumping wells in the
upper part) remain the same.

Spatial distributions of pressure-head (Fig. 11a and b)
highlight three different zones in the region: the Central
Valley,  the  Sierra  Ne-  vada  mountains  and  an
intermediate zone characterized by an intrusion

of volcanic rocks with very low permeability as shown in
the geological map (see Fig. 1c for the geological map).
Due to the geological contrast of these three zones, we
can observe that the flow has an East-West direction in
the intermediate zone while  the flow direction is from
North to South in the Sierra and the Central Valley. The
intermediate zone plays the role of a barrier and tends
to  block  any subsurface  flow from the Sierra  Nevada
Mountains  to  the  Central  Valley  due  to  its  very  low
permeability.  Such  behavior  may  suggest  that  these
three areas are completely independent,  which is  not
the case as demonstrated by the spatial distribution of
the pressure-head at the surface (Fig. 11c and d). The
Cosumnes  River,  which  takes its  source  in  the  Sierra
Nevada Mountains and is mainly fed by the snowmelt,
crosses  the  intermediate  zone as  well  as  the  Central
Valley.  Interactions  between  the  river  and  the
subsurface within the domain establish a link between
the different zones.

Pressure-head distributions change significantly
between winter and  summer  in  the  Sierra  Nevada
Mountains  and  the  Central  Valley,  while  the  latter
remains  almost  constant  in  the  intermediate  zone
between  the  two.  Inter-seasonal  variations  are  more
important in the Sierra Nevada mountains, where winter
to  summer  pressure-head  variations can reach  40 m.
Because mountains receive a large amount of winter
precipitation in this area, the geological characteristics
and associated low perme- ability and storage result in
high  reactivity  (i.e.  high  variations  of  pressure).
Following a rainfall event, the pressure increases very
quickly.  These  areas  are  also  located  in  forestlands,
which are char- acterized by high degrees of ET. Thus,
during the summer the strong ET  flux in  combination
with  the  low  storage  hydrodynamic  properties  of  the
zone leads to a very low pressure-head. In the Central
Valley,  this  area  where  inter-seasonal  variations  in
pressure-head are less marked than in the mountains,
the footprint of pumping wells is evident, re- gardless of
the season. We note, however, that in the lower part of
the  Central  Valley,  winter  precipitation  masks  the
effects of pumping,  whereas, in the upper part of the
Central Valley (i.e. at the boundary of the intermediate
zone),  the  depression  created  by  the  pumping  wells
remains pronounced in both winter and summer
seasons. Because of the
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Fig. 11. Average spatial distribution of pressure head (in m) for water year 2017 for the bottom layer of the model (a–b) and top
layer of the model (c–d) for winter (a, c) and summer (b–d) conditions.



almost  zero contribution of  the lateral  flows  near  this
barrier  zone,  the  depression  is  hardly  blurred  in  the
spatial distribution maps. This is in contrast to the lower
part  of  the  watershed,  where  the  greater  degree  of
lateral  flow  homogenizes  the  pressure  field  in  the
absence of pumping during the winter.

The dynamics of the Cosumnes River depend mainly
on the me- teorological conditions of the Sierra Nevada
Mountains. As in other parts of the state, the Cosumnes
River depends upon just a few storms to produce the
majority of annual runoff (Whipple et al., 2017). A large
part  of  this  river  is  thus  perennial  because  during
summer after the snowmelt occurs and in the absence of
precipitation, the river is not fed, as shown by  Fig. 11c
and d. In winter, the drainage area is much larger and
water  levels  can are higher,  even in  the mountainous
areas.  Meanwhile,  in  summer  the  flow  is  almost
exclusively  in  the  Central  Valley.  As  a  result,  many
tributaries  of  the  river  disappear,  consistent  with
observations (Mount et al., 2001).

5. Conclusions

In this work, we used a parallelized physically-based
integrated  hydrologic  model  in  a  high-performance
computing framework to as- sess the impact of climate
extremes characterized by a severe drought followed by
extreme precipitation events recently observed in a re-
presentative California watershed. We constructed and
validated a model of the Cosumnes watershed located
in Northern California, a unique watershed given the un-
dammed nature of one of the last freely flowing major
rivers in the state. The watershed also allows studying
the  complete  picture  of  the  hydrology  in  California,
including  snow  dynamics,  land  surface  processes,
surface runoff, and groundwater aquifers.

The  simulated  model  has  a  high  spatiotemporal
resolution. We in- corporated several publicly available
datasets as well as discussion with  stakeholders to
develop the model. As a method of model validation, we
performed several comparisons between model outputs
and local in situ measurements (groundwater levels and
river heights) and satellite-  based products. Simulated
SWE  was  compared  to  SNODAS  and  an  al-  ternative
SWE map reconstruction method (Bair et al., 2016), soil
moisture was compared with SMAP, and actual  ET was
compared  with  METRIC.  The  reasonably  good
agreement  of  the  model  outputs  with  satellite-based
products  and  local  measurements  indicates  that  the
model is correctly reproducing the trends of pressure-
head, soil moisture, SWE, and actual  ET  through time,
enabling confidence in its ability to elucidate feedbacks
in critical zone processes.

The dynamics of the Cosumnes River depend mainly
on the snow- melt originating from the Sierra Nevada
Mountains. Annual variation of surface water storage is
therefore  directly  linked  to  the  fluctuation  of
precipitation.  Surface  water  storage  differences
between dry and wet water years occur in the winter
season;  in  the  summer,  surface  water  storage  is
approximately  equivalent  for  all  the  water  years,
reflecting base flow conditions. This is not the case for
the total groundwater storage, which shows a decrease
in time despite the occurrence of a wet water year. This
is in contrast to what one might expect, especially given
the presumably high potential for the wettest year on
California  record  to  negate  the  effects  of  the  severe
period of drought. Our results  show that  groundwater

depletion during the wet year is a result of the combined effects
of (1) sustained groundwater pumping in the Central Valley and
(2) higher rates of actual ET in wetter conditions. Results show
that the pumping occurring in this region is so high that the
effect  on aquifer depletion compounds from year to year.
During the wet year, a large amount of precipitation leads to a
wet shallow subsurface; as

Appendix A:. Hydrologic spin up



such,  the  resulting  actual  ET  is  high  which
actually  leads  to  a  depletion  of  total  storage.
This  is  partially  because  the  summer  remains
hot and dry regardless of whether the preceding
winter is wet or dry, and thus ET is water limited
following  the  dry  winter  and  not  following  the
wet one. Simulations from our model show that
the vulnerability of a spe- cific region to climate
extreme  depends  on  a  number  of  factors  in-
cluding  topography,  hydrologic  connection  to
adjacent groundwater and surface water bodies,
geologic  unit  type,  and  land  use  type.  Our
results also show that for a dry to wet year
transition, regions within the  watershed
characterized  by  plutonic  rocks  and  located in
topographic  depressions  have  the  highest
sensitivity to ET. These sensitivities are a result
of  many  interconnected  hydrologic  processes;
hence  the  need  for  an  integrated  modeling
approach such as  the one demonstrated here.
Our  study  also  highlighted  that  due  to  the
interconnectivity of the snow dynamics, surface
water and groundwater, as well as the often-ne-
glected  hydrologic  connection  between  the
Sierra Nevada mountains and the Central Valley,
an  integrated  hydrologic  model  is  required  to
fully  understand  the  hydrodynamics  of
Californian watersheds under a
changing climate.

In  this  study,  we  estimated  pumping  and
irrigation  rates  and  loca-  tions  by  taking  into
account land use as defined by each county and
approximations made by  parcel  size.  Although
the  magnitude  of  pumping  and  irrigation  was
estimated, trends in groundwater storage show
reasonable  agreement  with  observations.
However,  future  work  will  require  increased
accuracy in pumping and irrigation datasets in-
cluding changes in inter-annual pumping trends

based on yearly cli- mate fluctuations if local variations
of  pressure  are  desired.  Future  studies  would  also
benefit from meteorological  forcing with a resolu- tion
close  to  that  of  the  model  in  order  to  sufficiently
describe an ac- curate spatial distribution of snow,  ET,
and localized recharge. Finally, in this work, we focused
on  the  transition  from  intense  dry  to  extreme  wet
conditions. Future studies will  investigate the opposite
change,  i.e.  from  wet  to  dry  conditions,  and  the
variability between the two.
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The yearly variations of surface and groundwater storages (Fig. A1) show that a two-years of relaxation period is 
sufficient to stabilize the system. Surface water storage returns to equilibrium (baseflow conditions) in summer when 
the rain stops. No excess flow due to higher initial conditions or
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yearly increase of storage due to lower initial conditions is observed. For groundwater storage, the initial conditions
were higher and the storage decreases within the first two years, then stabilizes. We also investigated the local
variation of pressures (Fig. A2), which demonstrate that the two years were sufficient to negate the effects of initial
conditions.
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Fig. A2. Comparisons between measured and calculated surface pressure-heads (points labeled CNF and MHB) and subsurface 
pressure-heads (point labeled 3) during the entire simulation.
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Appendix B:. Data availability in the Cosumnes watershed

One of the main limitations for quantitatively analyzing water resources in California is the lack of data. Indeed,
there is no legislation that mandates the reporting of water use and monitoring to date. There are two publicly
available databases: USGS and DWR (which includes CDEC). In the Cosumnes watershed, these databases consist of
around 100 groundwater wells and 12 river gauges (see  Fig. B1). However, very few wells continuously measure
water changes, as some wells have just been reported and do not have any data.

• Selected river 
gauges Fig. B1. Localization of reported groundwater wells (and their use) and river gauges.

Table B1 describes the temporal availability of data for the 12 river stations. We can notice that the majority of
the USGS stations do not have any data within our period of interest. Only three CDEC stations (CNF, MFR and MHB)
continuously measure changes in the water level in the basin. These three selected stations are shown in Fig. B2.

Table B1
Temporal availability of data for the 12 river         stations.                                                                                     

Station Name Organization Comments on the data availability

CMF CDEC No available data from 2012 to 2017
CNF CDEC Hourly data
EGN CDEC Data have many noises
MFR CDEC Hourly data
MCM CDEC Hourly data from November 2015 to March 2016
MHB CDEC Hourly data
11,315,000 USGS 7 measurements from 2012 to 2017
11,329,500 USGS No available data from 2012 to 2017
11,330,000 USGS No available data from 2012 to 2017
11,333,000 USGS No available data from 2012 to 2017
11,335,655 USGS No available data from 2012 to 2017

11,336,585 USGS 47 measurements from 2012 to 2017

• Selected groundwater observation wells

The number of reported groundwater wells is greater than the number of river stations. However, the majority of
these wells do not have any data, which is contrary to the river gauges. Less than twenty wells (represented by the
stars in Fig. B2) have data (i.e. at a single time or at several time intervals). For our comparisons, we selected four
piezometers for which water table levels are measured every two months (wells 1, 2 and 4) and every two weeks
(well 3).



Fig. B2. Publicly available groundwater levels measurements. Measurements from DWR are shown in red, measurements from 
the USGS are shown in blue, and the selected stations used in this study are shown in black.
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