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Chapter 1: Normalizing Simulated Streamflow

. Introduction

Climate change impacts flows in major rivers very substantially (Gosling et al.
2010; Reclamation 2016). Dynamical model simulations of future climate change play
an increasingly important role in the development of water policy to adapt to ongoing
climate change (Arnell et al. 2011, Howells et al. 2013). However, streamflow is not a
standard output variable in the global models used for national and international climate
change assessment. Streamflow projections derived from dynamical climate models
must couple the climate model output to a surface water model that uses climate model
output variables as input. The resulting simulated streamflow values describe hydrologic
systems that represent naturally occurring flows.

These simulations should yield streamflows directly comparable to gaged flows in
headwaters basins, where anthropogenic impairments to flows are minimal. In
downstream reaches, however, model-simulated flows cannot be compared directly with
observations, because climate models do not incorporate anthropogenic diversion and
management of water. Many rivers are used extensively for agriculture and drinking
water, with heavily managed flows blocked by dams such that downstream flows are
entirely controlled. Management of streamflow is often guided by agreements that
govern downstream flow requirements.

This paper describes a straightforward statistical approach to account for

anthropogenic management in model-simulated streamflows, appropriate for flows that



are known to have been impacted by upstream dams and diversions. The
parameterization of human impacts to flows, developed using historical observations, can
be applied to simulations of future flows in which human water management decisions
are not known. The procedure allows model projections of future (natural) flows to be
"normalized"”, so that downstream flow projections more closely represent the flows
relevant to water policy decisions in downstream reaches.

The procedure we develop here is conceptually the inverse of "naturalizing”
gaged flows, a common practice for the purposes of water supply outlook forecasting
(NRCS, 2011) or for adaptation of gaged flows for the development of paleoclimatic
streamflow reconstruction based on proxy data (e.g. Woodhouse et al. 2016). Unlike
operational naturalization, which explicitly tracks anthropogenic inputs and outputs along
the length of a river (NRCS, 2011), we choose to account for human flow impairments
using a simple statistical strategy that accounts for all upstream impairments using two
empirically derived constants. These constants are the values needed to force the multi-
year mean and interannual variance of simulated flows to match the mean and variance of
gaged flows over a historical baseline period.

There are two reasons for using a parameterization approach rather than following
a more precise and explicit accounting of impairments. First, we seek to develop a
normalization strategy that can be adapted quickly and relatively easily to any river
system, without documentation of all the impairments -- a difficult task requiring detailed
knowledge of management practices along the river in question. Second, the principal
goal of the parameterization is to apply it to projected future flows, for which the

management decisions that need to be accounted for are unknown.



The normalization developed here is applied to flows at San Marcial, a gaged
location on the middle Rio Grande in New Mexico, USA. This site is located just upriver
from Elephant Butte Reservoir, the major storage reservoir on this stretch of the river
(Fig. 1). Flows at the San Marcial gage are far from the headwaters of the Rio Grande,
and the effects of management on the observed flow at San Marcial cannot be ignored
(Mix et al, 2012; Blythe and Schmidt, 2018).

We apply the normalization procedure to streamflow simulations developed by
the U.S. Bureau of Reclamation (BoR) as part of its West Wide Climate Risk Assessment
project (Reclamation 2013). BoR has utilized coarse-resolution projected climate data
and statistically bias corrected and downscaled these data to make the model output
useful for hydrologic modeling at a regional scale (Pielke et al. 2012; Reclamation 2013).
Vertical fluxes of water produced by the downscaled climate simulations are fed into the
Variable Infiltration Capacity surface hydrology model (Liang et al. 1994; Gao et al.
2010), where water is routed between grid cells and into and out of the surface.

Section 1l of this paper presents a short summary of the BoR streamflow
simulations. Section Il documents the impact of trans-mountain diversions on the native
observed flow values. Sections IV outlines the normalization procedure applied to model
output. Section V shows the results of the normalization procedure and the how the
normalized flow values compare to observed flows and simulated natural streamflow

values. Discussion and conclusions follow in sections VI and VI1I.



II. Observed and Simulated Streamflow Data

We use simulated flows generated by BoR for the “Elephant Butte Dam” pour
point (EBD; Fig. 1) on the Rio Grande, and develop a normalization procedure to adapt
the simulated flows to actual flows at San Marcial, a short distance upriver. Instead of
explicitly accounting for consumption and diversions using a management model capable
of simulating future water management decisions, we parameterize anthropogenic effects
using statistical normalization constants that force the annual mean and interannual
variance of simulated flows at EBD to match the mean and variance of observed flows in
recent decades at San Marcial. This procedure is described in Sections Il and IV.

Flow at San Marcial has been split into two channels, so there are two
streamgages present at this point in the river: one denoted the Rio Grande Floodway
(USGS 08358400) and the other denoted the Rio Grande Conveyance Channel (USGS
08358300). The conveyance channel was constructed upstream of Elephant Butte
Reservoir to help New Mexico meet its interstate delivery obligations by increasing the
hydraulic efficiency of the channel. The total flow value at San Marcial is the sum of
flows at these two gages.

Global climate model output is taken from the Fifth Coupled Model
Intercomparison Project (CMIP5) by the World Climate Research Programme. These
models produce long term simulations of global climate out to the end of the 21st
century. Following CMIP5 protocols, the simulations are driven by historical climate
forcings from 1951-2005, and thereafter by one of several prescribed emission scenarios
that represent future greenhouse gas concentrations based on an array of possible socio-

economic story lines (Taylor et al. 2012; IPCC, 2013). Importantly, the prescribed



anthropogenic emissions provide the main forcing in the climate models that evolve over
space and time. The CMIP5 simulations considered here are driven by the following four
emissions scenarios: RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.5, ordered from low to high
perturbation to Earth's surface energy budget (Taylor et al. 2012; IPCC, 2013).

CMIP5 climate model output is typically archived at coarse resolutions of 1 to 2
degrees. Raw model output, including temperature and precipitation, needs to be
downscaled and bias corrected to be useful at a local scale and provide data at finer
resolution. The BoR has bias corrected and statistically downscaled (BCSD) data
available at a 1/8-degree resolution at a monthly timestep, which are used in this study
(Reclamation, 2013, 2014).

Streamflow simulations based on the BoR BCSD climate output are achieved
using a routing model (VIC; Liang et al. 1994) that moves water from one grid cell to
another and into/out of the surface, which ultimately produces monthly simulated
streamflow (Gao et al. 2010; Reclamation, 2014). Importantly, the flow produced by the
VIC model simulates streamflow without the influence of human impairments on
streamflow. For this reason, the flows produced from the VIC model are interpreted as
naturalized flows at the Elephant Butte Dam pour point.

The BoR archive of CMIP5-forced streamflow projections includes 97
simulations based on 31 different climate models. In this paper we will present a
selection of results based on sixteen of the simulations: one each from four different

models forced by four different RCP scenarios (Table 2).



I11. Trans-Mountain Diversions

Actual flow in the middle Rio Grande is augmented by input of water from trans-
mountains diversions, or imported water. We consider trans-mountain diversions
separately from the management of native water in the river basin, because these
diversions are typically accounted for separately from native water in operational water
management accounting. In the upper Rio Grande basin, the principal transfer occurs
from the San Juan River (a tributary of the Colorado River) upstream from San Marcial.
The Azotea Tunnel gaging station indicates the main import location (Fig. 1). The Rio
Grande Compact Commission publishes a report each year, documenting the imported
water by month and with an annual total

(http://www.ose.state.nm.us/Compacts/RioGrande/isc rio grande tech compact reports.

php).

We used the cumulative annual imported water data from these reports for the
period 1971-2015 and subtracted annual imported water from the observed flows at San
Marcial for each year over the same period to represent native flow at San Marcial (Fig.
2). We did not attempt to parameterize the management of imported water upstream
from San Marcial. The relationship between annual native and imported flows in this data
record is nonlinear: when native flows are low, more water is imported. We opted for a
simple empirical threshold that distinguishes annual imported water during drier and
wetter years. Figure 2 shows that when native flows fall below the 13.45 m3/s threshold
(black dashed vertical line), the annual average flow of imported water is 4.78 m%/s

(horizontal solid orange line and blue dots). Native flows greater than the 13.45 m%/s


http://www.ose.state.nm.us/Compacts/RioGrande/isc_rio_grande_tech_compact_reports.php
http://www.ose.state.nm.us/Compacts/RioGrande/isc_rio_grande_tech_compact_reports.php

threshold are associated with a lower annual mean imported flow of 1.79 m?/s (horizontal
solid red line and black dots).

Prior to the normalization, we remove the imported flows from the observed
flows, so that the observed data are comparable to the simulated San Marcial streamflow
data which do not include imported water. This was accomplished by first determining if
the observed (minus imported) flow was above or below the 13.45 m®/s threshold. Then,
we use the average value of imported water above (1.79 m%/s) or below (4.78 m3/s) the
13.45 m¥s threshold and subtract that imported water value from the observed flow value
for each year (Fig. 2). Then, we implement the normalization procedure described in
Section 1V, and finally add back an annual value of imported water based on the newly
normalized flow based on its relation to the threshold value of 13.45 m®/s.

The treatment of trans-mountain diversions can be summarized as follows.

Let Q,(j) = observed annual flow at San Marcial for year j, and Q5;(j) = annual
imported water data from the Rio Grande Compact Commission Reports: We remove
imported water to get annual native flow at San Marcial Qz¢o (j):

Qreo() = Qo(j) — Qs; ()

Overall, we find that including imported water in our calculation modestly
decreases normalized high flow values, but it also provides a slight buffer during the
lower flow years (Fig. 2). Our normalization procedure maintains the two average values
of imported water shown in Figure 2 into the future, thereby assuming that imported
water is supplied to the Rio Grande at historical rates in the future, impacting future San

Marcial streamflow as in the past.



IV. Normalization Procedure for Naturalized Flows

Observed data from the pair of gages at San Marcial are considered to represent
total inflows into storage at Elephant Butte Reservoir. Likewise, the simulated flows at
the Elephant Butte Dam pour point are interpreted after normalization as San Marcial
flows, as mentioned in Section Il. The normalization is based on adjusting the average
and interannual variability of annual simulated flows to match the average and variability
of observed native flows over a 50-year baseline period (1964-2013). The constants
needed to accomplish this adjustment are then applied to future simulated annual values.

As a first step, we convert the observed distribution of annual native flows
Qrco () to alog-normal distribution Q' ., (i) = In(Qreo())) that has mean Q. and
variance 6(Q’ ., )- The log normalization accounts for positive skewness in the
distribution of flows (Brutsaert, 2005). Similarly, we log-normalize the time series of a
simulated annual flow at “Elephant Butte Dam” Q(j) and calculate the mean and

variance of log-normalized simulated values Q" (j):
Q'.() = In(Qs())); with mean Q’_ and interannual variance o%(Q’,)
The first normalization constant al is the difference in means between observed
and simulated log-normalized flow distributions
nr_

al = - Q [1]

RGO s

Applying al to log-normal simulated flows yields a bias-adjusted time series of

simulated flows Q' (j):

Q'pr() = al*Q' () [2]



The bias-adjusted flows have a mean value Q—’D that, by construction, is equal to
m. The "bias" here mostly represents water diverted for consumptive use upstream
of San Marcial.

In addition, we normalize the variance of the bias-corrected, simulated
log-normalized flows during the historical period. This step is taken because, in addition
to exhibiting much greater average flow, the distributions of simulated annual flows are
observed to exhibit much greater interannual variability than the observations.

The ratio of the standard deviations of observed to simulated flows, over

the 50-year baseline period, yields a variance normalization constant:

Normalized annual simulated flows are then calculated using the constants al and
a2 to force the log-normal distributions of the observed and simulated time series to have
the same time mean and variance over the historical baseline period.

QM =(Q,—Q,)*az + Q' [4]

Exponentiate to undo the log transform, returning flows with the correct physical

units:
ow () = exp (Q'yM);

The final step in the normalization process is to reintroduce an estimated
value of imported water from trans-mountain diversions. Imported water is added to the
normalized values based on the threshold flow value established in Section 111 (Fig. 2).
The conditions are as follows:

{if QN (]) < QThreshold; then QSN (]) = QN(]) + QS]_LOW
if Qn() > Qrnresnotas then Qsy(j) = Qn() + Qs; nign



where: Qrnreshola = 13.45 m3/sec

The time series of normalized flows Qg (j) at San Marcial accounts for
systematic model bias in reproducing streamflow, the depletion of natural native flows by
dams and diversions upstream of San Marcial, and the modest bias associated with the
difference in location between the observed flow measurement point at San Marcial and
the simulated pour point downstream at Elephant Butte Dam (Fig. 1). The resulting
normalized flows do not match the statistics of the observations in all respects. In
particular, the distributions of both observed flows and normalized simulated flows
exhibit positive third moments (skewness), but the normalized flow distributions for the
different simulations tend to have higher skewness than the observations. Thus our
estimates of extreme high annual flows at San Marcial in the model simulations may
exhibit larger values, in both the historical and projected future periods, than historical
observations suggest is likely.

Fixing the normalization constants (Q_’D & o ratio; Equations 1 and 3) for future
simulated flows implies that the effects of human management on the mean and
interannual variability statistics of Rio Grande annual flows at San Marcial do not change
with time. Changes to these constants could be prescribed, which would be interpreted as
representing changes to water management upstream.

The normalization approach modifies model output so that the simulated flows
are comparable to observed, diversion-impacted flows. As a result, the model output can
be used for assessments of the impacts of future climate scenarios for the region

downstream of San Marcial, an area of intensive irrigated agriculture dependent on
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releases from Elephant Butte and Caballo Reservoirs (tan-shaded region in Fig. 1; Ward

et al. 2019).
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V. Results: Normalization of Annual Flows at San Macial

Figure 3 illustrates the difference between simulated, normalized and observed
flow values from 1964-2013, the period over which the normalization was defined. The
HADS5 simulation (Jones et al. 2011) is portrayed by the black dotted line (simulated)
and the red solid line (normalized). The mean observed flow (blue solid line) is about
26% of mean simulated flow yielded by this particular simulation during the historical
baseline period. The ratio of normalized and simulated flows is similar to the value
found by Blythe and Schmidt (2018), who naturalized observed San Marcial flows by
explicitly accounting for human impairments. Conceptually, their procedure is the inverse
of our treatment of simulated flows, but like most naturalization algorithms it is based on
explicit specification of flow impairments, rather than our parameterized approach.

Figure 4 is like Figure 3, except that annual average flows are plotted for the
1964-2070 period. All 97 model simulations are shown using light gray dots. The
variability of the normalized flow values in the HADS85 simulation (red line) decreases
over the last 30 years of the timeseries (2041-2070). This simulation does not generate a
monotonic decline in flow as climate warms up as the result of RCP8.5 radiative forcing.
For example, from 2011-2040 the cumulative sum of the normalized flow values in the
HADSS increase slightly relative to 1981-2010 period. However, the cumulative sum of
normalized simulated flows (in the HAD85 simulation) decreases by about 38% by from
2041-2070 when compared with the total flow from 1981-2010 period. This reveals
much lower flows in the study area as climate warms and the southwest transitions to a
more arid climate. The decrease in streamflow in this assessment is more than double the

decrease in streamflow found by Hurd and Coonrod (2012) where streamflow in the
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middle Rio Grande is predicted (in a different model simulation) to decrease by
approximately 22-27% by 2080. However not all simulations exhibit such declines in
future flows, as depicted by the cloud of gray dots.

We compare the following three normalized flow scenarios in Figure 5: HAD85
simulation as already discussed (solid red line), MIR26 (black dot-dashed) line and
ACCS8S5 (dashed orange line). The gray dots in the background are annual normalized
flows from all available model simulations as in Fig. 4. MIR26 represents the highest
average flow among all normalized projections over the 1960-2100 period (about 47.2
mq/s), HADSS represents an intermediate level of flow decline (24.4 m®/s), and the lowest
flows on average, are found in ACC85 (21.6 m%/s). The MIR26 simulation exhibits
exceptionally high variability in flows towards the end of the century. The ACC85 and
HADS5 simulations exhibit an overall decrease in normalized flows and decreased
variability towards the end of the century.

The boxplots in Figure 6 show the interannual distributions of observed
streamflow (light blue) and the normalized simulated flows for the HAD85 simulation
(orange) and the MIR26 simulation (gray), for recent and future periods (1964-2013 and
2021-2070). The period 1964-2013 is the historical baseline we used to calculate the
normalized values. Five additional simulations were selected at random for comparison
over these same time periods and are plotted in Figure 6. By construction the mean and
variability of the observed data matches the variability seen in the normalized flows, but
the full range of variability is different even in the historical period.

In future decades some simulations maintain or increase variability compared to

the baseline period, while other simulations exhibit dramatic decreases. The most notable
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decrease in variability among all models is noted in the ACC85 model simulation during
the 2045-2070 period. Conversely, MIR26 exhibits an increase in both variability and
average streamflow during the same period. The difference in projected flows between
models and different RCP scenarios is highlighted in Figure 7, where the change in
average flows towards the end of the century is illustrated. Again, the HAD85 and
ACCS8S5 (not shown) are “drier” models across all RCP scenarios while MIR26 is
“wetter” across all RCP scenarios. Figure 7 represents a subset of 16 models that include
all four RCP scenarios where we calculated a 50-year mean difference between projected
streamflow later this century (2021-2070) and earlier this century (1971-2020). Within
this subset of model, we found that 62% of the variance of streamflow trends among all
simulations is accounted for by model-to-model differences, not RCP differences or
natural variability.

Taken together, averaged over all 16 models for which we have 4 RCP-driven
scenarios, the normalized streamflow is projected to decrease slightly (Fig. 8). The
higher the RCP scenario, the lower the flows are on average, and the lower the
interannual variability is, in the later years of the 21st Century. This is illustrated by
comparing the solid blue line (RCP 2.6) and the solid red line (RCP 8.5). Thus, large
model to model variability is present due to factors such as different representations of
physical processes (e.g. clouds and precipitation) in each model, and sampling

uncertainties associated with natural variability.
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VI. Discussion

The modelled flow output generated by the BoR simulations (Reclamation
2014) represents a naturalized streamflow so the simulated values must be bias corrected
to provide realistic flows in downstream reaches out into the future. The normalization
procedure described here accounts for management of the Rio Grande upstream of the
San Marcial gaging sites through a statistical parameterization of the simulated BoR
flows by relating the mean and standard deviation of the observed timeseries to the
simulated timeseries, as outlined in Section IV. On average, the simulated BoR flows are
reduced by 72% across all model simulations and RCP scenarios.

Each model projection includes internal natural variability that is often ascribed to
the uncertainty in and among climate models. This is one of the reasons there is much
model to model variability in figures 5,6, and 7. Each climate model projection shown in
this paper is only one realization borne out of a range of natural variability that could
potentially occur (Deser et al. 2012). Figure 8 illustrates that streamflow changes
associated with four RCP scenarios, each with a 16-member ensemble, are difficult to
distinguish until the trends emerge from the noise, or natural variability, after about 2070.
Additionally, some of the model to model variability originates from different equations
used to simulate features such as clouds within each modelling groups’ global climate
model (IPCC, 2013).

The models are not constrained to match observations each year, because the
CMIP5 models are freely running and generate their own natural variability: ENSO
cycles, pluvial and drought years, etc. The 50-year length of the baseline period (1964-

2013) is designed to be sufficient to capture the statistics of natural variability on
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interannual and decadal time scales. Nevertheless, it is important not to interpret these
simulated flow time series as forecasts for individual years or decades.

One important limitation of the normalization procedure is the presence of
positive skewness that the normalization procedure does not directly address. This means
that it may be difficult to realistically interpret the wet-year outliers. Additionally, the
normalization constants used here do not evolve with time and therefore will not reflect
evolving water management practices, or any other anthropogenic changes other than
greenhouse gas emissions, that occur upstream in the future. Adjusting the normalization
constants could be implemented to parameterized significant management changes, such
as to the Rio Grande Compact or the Rio Grande Operating Agreement of 2008
(Reclamation 1939; Reynolds et al. 1974; Reclamation 2008), that would affect flows at

San Marcial.
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VIIl. Conclusion and Final Remarks

We have created a simple statistical method for adapting model-simulated future
streamflows to generate downstream flow projections with realistic magnitudes in a
major river that is heavily managed. The goal of the normalization is to account for the
cumulative impact of humans on upstream flows using a simple statistical normalization
method. We apply the normalization to translate simulated flows in the middle Rio
Grande into flow values appropriate for use as inflows into the major storage reservoir on
the river.

The effect of the normalization procedure applied to San Marcial annual flows is
to reduce simulated flows by nearly 72% on average during the historical baseline period,
confirming that human engineering projects, diversions, and reservoirs drastically reduce
the natural flows one might expect in the absence of human management (Blythe and
Schmidt 2018).

Model to model variations still exist and are attributed to climate model
parameterization schemes, differences in spatial resolution, random atmospheric
variability, etc. in the original climate model simulations. Based on the subset of 16
models each containing 4 RCP scenarios (Fig. 7), 62% of the variance of streamflow
trends among all simulations is accounted for by model-to-model differences, not RCP
differences or natural variability. Therefore, a method to constrain model to model
variance is needed to explore which models are best suited this study area.

Consequently, the normalization procedure yields model-generated future
streamflow scenarios that can be used by policy makers and stakeholders on a regional

scale downstream of Elephant Butte Reservoir. The normalized streamflows are suitable
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for use as inputs to assessments that consider for future water management options in this
region. The normalized flows described in this study are generated at an annual timestep,

but the same technique could be adapted to monthly simulated flow values as well.
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Tables

Table 1.1 List of CMIP5 climate models used.
Modeling Center (or Group) Institute 1D Model Name
Commonwealth Scientific and Industrial Research
Organization (CSIRO) and Bureau of Meteorology CSIRO-BOM ACCESS1.0
. ACCESSI].
(BOM), Australia CCESS13
Beijing Climate Center, China Meteorological
BCC
Administration BCC-CSM1.1
CanESM2
Canadian Centre for Climate Modelling and Analysis CCCMA CanCM4
CanAM4
National Center for Atmospheric Research NCAR cCsMa
NSF-DOE-
Community Earth System Model Contributors CESM1(BGC)
NCAR CESM1(CAMS)
Centre National de Recherches Météorologiques /
Centre Européen de Recherche et Formation
CNRM-
Avancée en Calcul Scientifique
CERFACS
Commonwealth Scientific and Industrial Research
CSIRO-QCCCE CSIRO-Mk3.6.0
Organization in collaboration with Queensland
Climate Change Centre of Excellence EC-EARTH
EC-EARTH consortium
Centre National de Recherches Météorologiques / CNRM- FGOALS-g2
Centre Européen de Recherche et Formation CERFACS FGOALS-gl
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Avancée en Calcul Scientifique CSIRO-QCCCE FGOALS-s2
Commonwealth Scientific and Industrial Research EC-EARTH
Organization in collaboration with Queensland
LASG-CESS
Climate Change Centre of Excellence
LASG-IAP
EC-EARTH consortium
LASG, Institute of Atmospheric Physics, Chinese
Academy of Sciences and CESS,Tsinghua
University
LASG, Institute of Atmospheric Physics, Chinese
Academy of Sciences
The First Institute of Oceanography, SOA, China FIO FIO-ESM
GFDL-CM3
NOAA Geophysical Fluid Dynamics Laboratory NOAA GFDL GEDL-ESM2G
GFDL-ESM2M
GISS-E2-H-CC
NASA Goddard Institute for Space Studies NASA GISS GISS-E2-R
GISS-E2-R-CC
National Institute of Meteorological Research/Korea
NIMR/KMA
Meteorological Administration HadGEM2-AO
MOHC
Met Office Hadley Centre (additional HadGEM2-ES
additional
realizations contributed by Instituto Nacional de ( HadGEM2-CC
realizations by HadGEM2-ES

Pesquisas Espaciais)

INPE)
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Institute for Numerical Mathematics INM INM-CM4
Institut Pierre-Simon Laplace IPSL IPSL-CM5A-MR
IPSL-CM5B-LR

Japan Agency for Marine-Earth Science and
Technology, Atmosphere and Ocean Research

MIROC MIROC-ESM
Institute (The University of Tokyo), and National MIROC-ESM-CHEM
Institute for Environmental Studies
Atmosphere and Ocean Research Institute (The
University of Tokyo), National Institute for

MIROC
Environmental Studies, and Japan Agency for MIROCS
Marine-Earth Science and Technology
Max-Planck-Institut fir Meteorologie (Max Planck

MPI-ESM-MR

MPI-M
Institute for Meteorology) MPI-ESM-LR
Meteorological Research Institute MRI MRI-CGCM3
Nonhydrostatic Icosahedral Atmospheric Model

NICAM
Group NICAM.09
Norwegian Climate Centre NCC NorESM1-M

Table 1.1. List of all climate models from their respective modeling groups that were

analyzed.
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Table 1.2 List of models shown in the Figures.

Full Name Abbreviated
access1-0 rlilpl ACC26
bcc-csml-1 rlilpl BCC26
ccsmé rlilpl CCSM26
cesml-camb rlilpl CESM26
csiro-mk3-6-0 rlilpl CSIRO26
fio-esm rlilpl F1026
gfdl-cm3 rlilpl GFC26
gfdl-esm2g rlilpl GFEG26
gfdl-esm2m_rlilpl GFEM26
giss-e2-r_rlilpl GISS26
hadgem2-ao_rlilpl HAO26
hadgem?2-es rlilpl HAD26
ipsl-cm5a-mr_rlilpl IPSL26
miroc5 rlilpl MIR26
miroc-esm-chem rlilpl MIRC26
miroc-esm_rlilpl MIRE26
noresml-m rlilpl NOR26

Table 1.2. Simulation naming convention for select model simulations. The number 26
after the abbreviated terms reflects the RCP scenario and the 26 is just used as a place
holder. Values could be 26,45,60, or 85. Models referenced in Figure 5 are shaded light

gray.
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Figures
Figure 1.1  Overview of the study area.
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Figure 1.1. Overview map of the upper Rio Grande ranging from the headwaters region
in southern Colorado downstream into Texas. Red triangles designate USGS streamgage
locations. Black dots indicate city locations. The principal trans-mountain diversion into
the Rio Grande basin occurs through Azotea Tunnel in northern New Mexico. Tan
shading represents the valley of the Rio Grande downstream of San Marcial.
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Figure 1.2 Annual trans-mountain diversions.

Comparing Average Annual Observed Flow with
Total Annual Trans-Mountain Diversions
(1971-2015)
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Figure 1.2. Annual average flows of trans-mountain diversions (y-axis) plotted against
annual average observed flows at San Marcial with diversions subtracted. The x-axis
therefore represents native flow at San Marcial. A break point is defined at a threshold
value of 13.45 m3/sec (vertical black dotted line) to distinguish low flow years (<13.45
m3/s, blue dots) from normal to higher flow years (>13.45 m®/s, black dots).
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Figure 1.3

Annual timeseries comparison over historical baseline period.

Annual Streamflow at San Marcial
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Figure 1.3. Annual time series of simulated flow (black dotted line), total observed flows
at San Marcial (cyan), and normalized simulated flows (red) for the 50-year historical
base line period (1964-2013). The lines for simulated and normalized flows are derived
from the HADS8S5 simulation.

25



Figure 1.4 Annual timeseries comparison of all models from 1964-2070.

Annual Normalized and Observed Streamflow Comparison
(1964-2070)
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Figure 1.4. Annual flow values at San Marcial for observed flows (cyan, 1964-2013),
simulated flow values (prior to normalization) for the HAD85 simulation (black dashed
line), normalized flows for the HAD85 simulation (red line), and normalized annual
flows for all 97 simulations (gray dots).
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Figure 1.5  Annual normalized streamflow comparison (1960-2100).

Annual Normalized Streamflow Model Comparison
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Figure 1.5. Normalized annual flows (gray dots) for all simulations considered. The
HADS5 values are shown as a solid red line, the MIR26 values are shown by the black
dot-dashed line, and the ACC85 simulation is shown as an orange dashed line. The mean
values averaged over the entire 141-year period for these three models are shown to the
right of the figure.
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Figure 1.6 Normalized flow distributions for two 50-year time periods.
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Figure 1.6. Boxplots showing the distribution of annual normalized flows for two
separate 50-year periods: (left) the historical period 1964-2013, and (right) projected
flows for 2021-2070. The median value is shown by a solid black line in the center of
each box and. The whiskers represent anomalous values that are 1.5*IQR from the 25™
and 75" percentile, respectively. Outliers are represented as black diamonds. Mean
values over each period are shown as red dashed lines within each box. The distribution
of observed annual flows (in cyan) is shown first among the historical distributions. The
orange fill represents the HAD85 simulation and the gray represents the MIR26
simulation, discussed in Section IV. Five additional simulations are shown for
comparison.
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Figure 2.12  Effects of Different Water Management Strategies on Projected Future
Inflows: MIR26 Simulation

Figure 2.12. Like Fig. 2.7, except inflow condition uses the MIR26 normalized
streamflow values (calculated in Chapter 1) for 2020-2070.
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Figure 2.13  Summary Statistics for Observation Based Results

Changing Bucket Model Variables for
Future Inflow Scenarios at San Marcial
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Figure 2.13. Bar charts illustrating the effects if changing parameters in the
bucket model. Mean San Marcial inflow is the dark green bar, mean Caballo releases is
the lighter green bar, mean reservoir evaporation is the pink bar, and the total reservoir
storage is the hashed blue bar (in KAF). Each panel represents a different observation-
based inflow scenario. The top left panel uses inflow values from the 1964-2013
historical period (Fig. 2.9). The top right panel based on the dry inflow values in Fig.
2.7. The bottom left panel used a historically wet inflow scenario from Fig. 2.8. The
bottom right panel is based off the inflow scenario in Fig. 2.6. On the x-axis, each set of
bars represents the variable in the bucket model that was changed. The left most set of
bars is the default scenario, meaning no parameters were altered from the bucket model.
The next set of bars to the right is where the minimum storage threshold of 20% was set.
To the right of that is the 50% minimum reservoir storage value. Lastly, the furthest set
of bars to the right represents a reduction of direct reservoir evaporation by 50%.
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Figure 2.15 The Effects of Modifying Water Management to Increase Future Flows
into San Marcial
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Historical (1963-2013) HADES
1750 b

1500 1
1250 b
1000 b

750 4

500 + 1
250 ] _]l

ACCBD MIRZ26
1750 b

) and (Kaf)

Kaf
(57

1500 4

1250 1

1000 b

730 + b

500 4

250 1

Default 10% Inflow Incr. 25% Inflow Incr. Default 10% Inflow Incr. 25% Inflow Incr.
Variable Changed

mm Mean SM Inflow mm Mean Caballo Release Mean Direct Reservoir Evap Mean Total Reservoir Storage |

Figure 2.15. Same format as figure 2.13, except comparing normalized inflow
scenarios (calculated in Chapter 1) for 2020-2070 for the HADB85 (top right), ACC85
(bottom left), and MIR26 (bottom right) scenarios to the observed inflow scenario (top
left). This inflow parameter has been adjusted by 10% (middle set of bars) and 25%
(right set of bars) and carried out through the normalized flows as well.
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