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Enhancing Ensemble Seasonal Streamflow Forecasts in the Upper Colorado River Basin
Using Multi-Model Climate Forecasts

Sarah A. Baker (1), Balaji Rajagopalan, and Andrew W. Wood

Research Impact Statement: Conditioning ensemble streamflow forecasts with subseasonal-to-seasonal cli-
mate forecast information can improve the skill of seasonal streamflow predictions in the Upper Colorado River
Basin.

ABSTRACT: In the Colorado River Basin (CRB), ensemble streamflow prediction (ESP) forecasts drive opera-
tional planning models that project future reservoir system conditions. CRB operational seasonal streamflow
forecasts are produced using ESP, which represents climate using an ensemble of meteorological sequences of
historical temperature and precipitation, but do not typically leverage additional real-time subseasonal-to-
seasonal climate forecasts. Any improvements to streamflow forecasts would help stakeholders who depend on
operational projections for decision making. We explore incorporating climate forecasts into ESP through varia-
tions on an ESP trace weighting approach, focusing on Colorado River unregulated inflows forecasts to Lake
Powell. The k-nearest neighbors (kNN) technique is employed using North American Multi-Model Ensemble
one- and three-month temperature and precipitation forecasts, and preceding three-month historical streamflow,
as weighting factors. The benefit of disaggregated climate forecast information is assessed through the compar-
ison of two kNN weighting strategies; a basin-wide kNN uses the same ESP weights over the entire basin, and
a disaggregated-basin kNN applies ESP weights separately to four subbasins. We find in general that climate-
informed forecasts add greater marginal skill in late winter and early spring, and that more spatially granular
disaggregated-basin use of climate forecasts slightly improves skill over the basin-wide method at most lead
times.

(KEYWORDS: streamflow forecasts; trace weighting; subseasonal-to-seasonal; climate forecasts; Colorado River;
NMME; reservoir inflows.)

INTRODUCTION Basin River Forecasting Center (CBRFC) produces
streamflow forecasts using the ensemble streamflow

prediction (ESP) method. ESP is a widely used opera-

Many operational streamflow forecasts in the Uni-
ted States (U.S.) are provided by the National
Weather Service (NWS) River Forecasting Centers
and National Resource Conservation Service (NRCS)
(Pagano et al. 2014; Lukas and Payton 2020). In the
Colorado River Basin (CRB), the Colorado River

tional forecasting method with streamflow forecasts
produced using a land-surface or watershed model
initialized with current basin conditions and forced
into the forecast period with an ensemble of historical
temperature and precipitation sequences, termed
“traces” (Day 1985; Franz et al. 2003; Lukas and
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Payton 2020). The initial days of the forecast period
are typically informed by weather forecasts (e.g., five
days of precipitation forecasts in the CRB, and out to
15 days in some other regions), but subseasonal-to-
seasonal (S2S; Week 3 and longer) climate forecast
information is not typically incorporated in NWS
operations or in NRCS statistical forecasts.

The Bureau of Reclamation (Reclamation) uses
ESP forecasts provided by the CBRFC in operational
planning models to provide stakeholders with risk-
based information regarding future basin conditions.
The Colorado River Mid-term Modeling System
(CRMMS; previously called the Mid-Term Operations
Model) is one of these operational planning models
which uses ESP to project monthly reservoir opera-
tions and basin conditions for storage and streamflow
out to five-year lead times (Daugherty 2013). The
results from CRMMS can be used for planning and
risk assessment of potential shortage or surplus basin
conditions that affect many communities and econo-
mies throughout the Southwestern U.S., which relies
heavily on CRB water resources (Bureau of Reclama-
tion 2015). Improving the skill of streamflow forecasts
used in CRMMS would benefit stakeholders who use
projections of future basin conditions in decision mak-
ing and planning.

Over the last few decades, numerous variations to
the traditional ESP approach have been proposed to
improve its skill and reliability. The primary avenues
for improving seasonal hydrologic prediction methods
include improving the ability to describe initial
watershed moisture conditions (in the soil and snow-
pack if present) and improving meteorological inputs
during the forecast period (Wood and Lettenmaier
2008; Li et al. 2009; Arnal et al. 2017). In general,
forecast skill is highly dependent on the quality of
the initial conditions at shorter lead times, but at
progressively longer leads becomes more dependent
on climate forcings (Li et al. 2009; Wood et al. 2016).
Improvements in initial conditions can be achieved
through enhanced watershed-scale observations, data
assimilation, and hydrology model upgrades, the lat-
ter of which also benefit the forecasts through a more
physically realistic evolution of model states and
fluxes (e.g., runoff) through the forecast period.
Upgraded meteorological forecast inputs can come
through incorporating weather and climate predic-
tions, whether from statistical or dynamical (or
hybrid) sources (Lukas and Payton 2020). This paper
focuses on the climate-related opportunity for improv-
ing ESP.

Certain methods for enhancing meteorological
inputs to ESP may be termed preadjustment (Werner
et al. 2004) or pre-ESP, in contrast to strategies that
impose climate or other information to the outputs of
an ESP forecast (Mendoza et al. 2017). One pre-ESP
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approach is to generate weather inputs for ESP
through a conditional resampling of historical
weather sequences based on the state of climate
indices — for example, the El Nino Southern Oscilla-
tion (ENSO) index, the Southern Oscillation Index,
the North Atlantic Oscillation index, the Pacific Deca-
dal Oscillation index, and others (Grantz et al. 2005;
Bracken and Rajagopalan 2014; Beckers et al. 2016;
Erkyihun and Zagona 2017). Increasingly, the
advancing skill of dynamical climate models argues
for using climate forecasts to drive pre-ESP methods.
Several model generations ago, moderate benefits
were achievable mainly in strong ENSO years (e.g.,
Wood and Kumar 2005; Wood and Lettenmaier 2006).
More recently, Mo and Lettenmaier (2014) applied
climate forecasts from the North American Multi-
model Ensemble (NMME) over the contiguous U.S.,
finding that skill gains in one- to three-month lead
runoff forecasts were seasonally and regionally
dependent, and arose mainly after a one-month lead,
before which initial conditions dominated the forecast
skill. In the Upper CRB, for instance, NMME
improved ESP runoff in April at a two- and three-
month lead time. A recent special collection of papers
by Wetterhall et al. (2016) contains a number of
examples that broadly illustrate the potential
improvements to streamflow forecasts through the
use of S2S climate forecasts.

Other studies have explored improving streamflow
forecasts through the postprocessing of ESP, which
can be termed post-ESP methods. A common tech-
nique is to weigh ESP traces based on teleconnections
or large-scale climate information (e.g., Hamlet and
Lettenmaier 1999; Mendoza et al. 2017). Najafi and
Moradkhani (2012) used climate indices to inform
ESP weighting schemes in the East River Basin, Col-
orado, testing five different weighting methods and
finding improvements with several. Bradley and
Habib (2015) introduced another alternative, the
Bayesian Climate Index Weighted method, finding
that it performed similarly to traditional methods
while suggesting that it did not require a calibration
with hindcasts.

Werner et al. (2004) compared pre- and post-ESP
weighting, obtaining favorable results in the CRB.
The study assessed methods for weighting CBRFC
ESP forecasts in three subbasins in the CRB using
climate indices (e.g., Nino-3.4) either through a pre-
ESP method of adjusting the precipitation and tem-
perature ensembles input to a hydrology model or a
post-ESP method by weighting streamflow ensemble
members. Post-ESP methods were found to outper-
form preadjustment methods. Mendoza et al. (2017)
assessed alternatives to traditional ESP methods in
basins in the Pacific Northwest. They compared ESP
to statistical and hybrid approaches including trace
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weighting schemes, which were informed by either
climate indices or climate reanalysis components,
depending on their skill. Climate predictors added
seasonal forecast skill with the best results in water-
sheds that had stronger teleconnections, as might be
expected. Wood and Schaake (2008) assessed the
validity of postprocessing ESP forecasts through bias
correction and calibration techniques to correct for
errors in the mean and spread of the forecast in the
Feather River Basin, California. Calibration was
found to substantially improve forecast bias and
spread relative to raw ESPs. These studies show that
postprocessing ESP forecasts, for example, with the
addition of climate information or statistical error
correction, offers potential benefits.

Advancements in streamflow forecast skill would
improve projections from operational planning models
such as CRMMS (Raff et al. 2013), which in turn
would benefit stakeholders in the CRB who depend
on outlooks of potential water deliveries, and reser-
voir releases and levels to drive operational decisions.
To investigate the extent to which the latest opera-
tional U.S. monthly to seasonal climate forecasts can
benefit seasonal streamflow prediction, we investigate
using an analog-based post-ESP trace weighting tech-
nique — k-nearest neighbors (kNN) — to improve
streamflow forecasts in the Upper CRB, using S2S
temperature and precipitation forecasts from the
NMME. This paper is organized as follows. We first
discuss CRMMS, ESP, and the watershed scale S2S
climate forecasts in the Background and Data sec-
tion. The Methods section discusses the different pre-
dictors, kNN weighting methods, and verification
metrics. In the Results section, we compare kNN
weighting methods on the runoff season scale, fol-
lowed by the Discussion and Conclusion section,
which summarizes results, limitations, and potential
avenues of further method improvements.

BACKGROUND AND DATA

CRMMS and ESP

CRMMS is a Reclamation CRB mid-term opera-
tional projection model built-in RiverWare, a general-
ized river basin modeling software platform (Zagona
et al. 2001). CRMMS runs unregulated inflow traces
through a decision-making framework using rule-
based logic to model system and reservoir operations.
The model produces probabilistic operational projec-
tions of 12 major reservoirs (9 Upper Basin and 3
Lower Basin) in the CRB out five years at a monthly
timestep. There are 12 Upper Basin forecast locations
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where ESP forecasts are input to CRMMS. An impor-
tant forecast location is an unregulated inflow to
Lake Powell, which combines other forecast locations
and unaccounted for gains into one flow for the
Upper CRB. A schematic of the CRB with the impor-
tant reservoirs and forecast locations is shown in
Figure 1.

The ESP forecasts used in CRMMS are for unregu-
lated inflows — that is, streamflow that would have
flowed through a location if there were no dams and
or specific measured diversions upstream of the fore-
cast point. The unregulated flows do not represent
what would be observed, nor are they natural flows
since natural flows would account for unmeasured
depletions and return flows, including from irrigated
acreage, evaporative losses from reservoirs, and
losses due to groundwater pumping (Colorado Basin
River Forecast Center, Accessed June 2021, https:/
www.cbrfc.noaa.gov/wsup/doc.php). The unregulated
inflows used in this study are produced by the
CBRFC specific for CRMMS and other Reclamation
decision-making models, and only include three
Upper Basin tunnel diversions. The CBRFC produced
a hindcast dataset of ESP forecasts with calibrated
NWS models (e.g., SacSMA and Snow-17), using 30
meteorological input traces driven by historical pre-
cipitation and temperature traces from the climato-
logical record (1981-2010). The reforecast dataset
provided by the CBRFC for 1981-2011 was extended
using operational forecasts that were available from
2012 to 2016. For the 1981-2010 ESP reforecasts, a
leave-one-year-out cross-validation method was
employed in which the trace from the forecasted
year’s climate forcings was removed from the ensem-
ble to avoid including a trace with perfect knowledge
of the temperature and precipitation. Therefore, the
ESP forecasts from 1981 to 2010 have 29 traces,
while the forecasts from 2011 to 2016 have 30 traces.
The ESP reforecasts do not include short-term fore-
casts of precipitation and temperature, which are
included in operational ESP forecasts (temperature
and precipitation forecast are included for up to
seven days, with temperature forecasts blending back
to climatology through day 10).

S2S Climate Forecasts

NMME climate forecasts are used to inform the
ESP trace weighting method for this study. NMME is
a multi-model ensemble that combines global climate
model forecasts, with forecasts available at a monthly
time step for leads up to nine months (Kirtman et al.
2014). The version of NMME we are employing in
this effort includes seven global climate models,
which are summarized in Table 1. Individual model
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CRMMS
Colorado River Basin

Forecast Points
Fontenelle Inflow
Flaming Gorge Unreg. Inflow
Yampa at Deerlodge Park
Gunnison - Gains Crystal to Grand Junction
Crystal Unreg. Inflow
Morrow Point Unreg. Inflow
Blue Mesa Unreg. Inflow
Taylor Park Inflow
Animas at Durango
10 Vallecito Inflow
11 Navajo Unreg. Inflow
12 Lake Powell Unreg. Inflow
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FIGURE 1. Schematic of the Colorado River Basin as setup in the

Colorado River Mid-term Modeling System (CRMMS). The forecast loca-

tions are numbered from 1 to 12 with points representing the inflow locations, many of which overlap with reservoirs. Forecast names are
located in the top left table in the figure. The eight Upper Basin hydrologic unit code 4 (HUC-4) watersheds are symbolized by different col-

ors of shading. The names of the HUC-4s can be found in Table
includes Blue Mesa, Morrow Point, and Crystal Reservoirs.

ensemble mean reforecasts and operational forecasts
from 1982 to 2017 were used in this effort. Baker and
Wood (2019) spatially averaged raw gridded NMME
ensemble mean temperature and precipitation fore-
cast to a watershed scale, using the U.S. Geological
Survey (USGS) hydrologic unit code 4 (HUC-4) as the
target spatial unit. NMME forecasts were verified at
monthly and seasonal leads to calculate the forecast
skill compared to the North American Land Data
Assimilation System (NLDAS; Xia et al. 2012). Real-
time watershed scale forecasts and benchmark
assessments of hindcasts have been made available
online since 2017 (http:/hydro.rap.ucar.edu/s2s/). For
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2. The reservoirs are represented by blue triangles. The Aspinall Unit

a detailed description of raw NMME forecast process-
ing to a watershed scale and a detailed skill assess-
ment, see Baker et al. (2019).

METHODS

The kNN method is described below with the pro-
posed feature vector components. The method is
applied to two different spatial scales, which are com-
pared.
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TABLE 1. North American Multi-Model Ensemble (NMME) model
information.

Model acro-

nym Model name Reference

CFSv2 NOAA NCEP Climate Forecast Saha et al.
System version 2 (2014)
NASA_GEOS5 Goddard Earth Observing Vernieres et al.

System version 5 (2012); Molod

(2012)
CCSM4 NCAR/University of Miami Lawrence et al.
Community Climate System (2012)
Model version 4
GFDL-CM2.1  Geophysical Fluid Dynamics Zhang et al.
Laboratory’s (GFDL’s) (2007)
Climate Model version 2.1
GFDL_FLOR- GFDL’s Climate Model version Vecchi et al.
CM2.5 2.5 [FLORa06 and FLORbO01] (2014)
CanCM3 Third Generation Canadian Merryfield et al.
Coupled Global Climate (2013)
Model
CanCM4 Fourth Generation Canadian Merryfield et al.

Coupled Global Climate
Model

(2013)

Notes: NCAR, National Center for Atmospheric Research; NCEP,
National Centers for Environmental Prediction; NOAA, National
Ocean and Atmospheric Administration.

ENN Trace Weighting Scheme

We adapted the post-ESP trace weighting scheme
from Werner et al. (2004) to weight the ESP forecast

2. Hindcast year (¢) ESP ensemble traces are
derived using the historical meteorological
inputs from n.s, years (j) in 1981-2010, so the
variable data from these years (j) are used to
assemble matching feature vectors to compare
with the vector of the hindcast year (t). The
hindcast year’s data records are removed from
this set of vectors so as to exclude the ESP trace
that would include any knowledge of the future
climate or antecedent conditions in a given hind-
cast. For example, the hindcast made in Febru-
ary 1991 could not assign a nonzero weighting
for the ESP trace derived from meteorology
observed in 1991 (i.e., enforcing ¢ # j). The fea-
ture vectors are standardized for each start
month.

3. For each hindcast made in year (¢), a distance
vector d containing one value (d;) for each ESP
trace meteorological year (j € 1981-2010, j # ¢),
is computed. The distance d; for each trace is the
weighted Euclidean distance of the n, elements
in the feature vector for the forecast trace (j), as
in Equations (1 and 2).

d=(di, d3, ..., dj), where (1)

d; = \/cl(xt,1 —xj1) oo —xj0) 4+ Cny (Xtn, —%;n,)7,  for eachje (1981, 2010), j#,  (2)

ensemble members in the Upper CRB, -creating
weighted ensembles for the ESP forecasts initialized
from January 1982 to September 2016. The kNN
analog-based weighting method is applied to each
equally weighted raw ESP forecast to create a condi-
tionally weighted ESP forecast. kNN creates weights
for each ESP ensemble member (trace) using a list of
n, variables — a “feature vector,” x = (x1, x2, ...Xn,)
— that are chosen to quantify the similarity between
the current forecast year and meteorological years
represented in the ESP ensemble. The similarity of
the feature vector elements between the forecast year
and each of the ESP trace years is then used to
assign a weight to each of the ESP traces. The tech-
nique is described as follows:

1. The feature vector x elements are selected and
also given prescribed relative weights (¢;, i = 1,
n,) reflecting their importance in the vector, with
the weights summing to 1.
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4. The corresponding hindcast trace weights, w, are
then calculated from the trace distances d, as fol-
lows:

k= NINT("e2), (3)
a
d;
w; = 1,£ , whered; < dy, (4)
wJ:O, d]>dk7 (5)

w= (w1, we, ..., wj), (6)

where the a parameter determines the % nearest
neighbor traces that will have nonzero weights in the
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ESP and 1 is the distance sensitive weighting param-
eter. The NINT is the nearest integer operator. In
this study, we set A = 2.5 and a = 1 based on sensitiv-
ity experiments (not shown). This means that all ESP
traces are included in the kNN forecast, albeit with
each having a different weight.

5. The weights are then normalized so that their
sum is equal to 1.

6 ESP traces are resampled based on the normal-
ized ensemble weights to obtain a 100-member
ensemble. We tested this method with larger
ensembles (i.e., 500- and 1,000-member ensemble)
but found little to no benefit to increasing the
ensemble size.

Feature Vector

The feature vector elements (or predictors) used in
the kNN trace weighting scheme consist of the mean
NMME temperature and precipitation watershed
scale forecasts with associated NLDAS observations,
and observed antecedent streamflows for different
numbers of lagged months. These predictors were
weighted based on prescribed weights (w) that were
assigned based on prior knowledge of their potential
usability (Prairie et al. 2006; Baker et al. 2019) for
influencing future runoff predictions and motivated
by the desire to avoid including predictors with little
theoretical relationship to runoff. We recognize that
more sophisticated data-driven analysis in predictor
screening and selection would also be appropriate for
this objective. To the extent that the resulting
weights are suboptimal for harnessing the full infor-
mation content of the predictors, the study yields a
conservative estimate of the potential benefit of the
NMME dataset in this context.

The four NMME-based predictors were watershed-
scale anomaly forecasts for the one-month mean tem-
perature, one-month mean precipitation, three-month
mean temperature, and three-month mean precipita-
tion, all at a zero-month lead time. The difference
between each NMME forecast and the NLDAS
observed temperature and precipitation for the same
time periods and locations were used to identify and
weight the NMME forecasts’ nearest neighbors. For
example, an NMME forecast for a dry and warm
Month 1 would give higher weights to ESP meteoro-
logical trace years in which the first month was rela-
tively dry and warm, shifting the overall ESP
ensemble toward dry and warm tendencies leading to
reduced flows. An additional element — observed
three-month antecedent streamflow near the outlet
location of the Upper CRB for which the predictor
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feature is being applied — was also included in the
predictor vector. The historical unregulated flow pro-
vides proxy information about antecedent moisture
conditions in the basin, such as the amount of base-
flow, which relates to basin soil moisture and modu-
lates the impact of rainfall and snowmelt on
streamflow during the spring melt season. Note, the
modeled moisture conditions used to initialize ESP
also contain such information, but due to potential
errors in these unobserved modeled states, there is an
opportunity for historical streamflow to augment the
model contribution. Other studies have used alterna-
tive antecedent conditions metrics such as Palmer
drought severity index (PDSI) when predicting
streamflow (i.e., Regonda et al. 2006; Bracken and
Rajagopalan 2010). The PDSI and other potential
antecedent condition metrics were not explored here,
as the information they would provide is similar to
that of streamflow.

To include information about the skill of NMME
forecasts, we distributed the weights for each climate
forecast lead time (one month, three months) between
temperature and precipitation based on their relative
anomaly correlations with observations, averaged
over the year. For example, a predictor with double
the correlation of another predictor would get twice
the weight in the feature vector. To a limited degree,
the adjusted weights reflect differences in skill of the
different NMME forecast elements, as opposed to
using equal weights for the contribution of each ele-
ment to the distance calculation, which is the default
application of kNN for analog formation.

The skill of NMME forecasts differs depending on
the variable and lead, as shown in Figure 2. Skill as
measured by anomaly correlation is generally higher
for the one-month lead compared to the three-month
lead. There is more spatial consistency in skill for
temperature than precipitation, with some basins
such as the San Juan and Green exhibiting different
patterns in skill compared to the basin-wide average.
Figure 2 also shows a wusability threshold of 0.3,
which is used by forecast groups such as the NCEP
Climate Prediction Center (O’Lenic et al. 2008). Many
forecasts are close to this threshold, especially for the
seasonal forecasts, and in some cases fall below it.
This skill threshold could be used to remove certain
forecast months use of NMME forecasts, though that
was not pursued in this project. It could also be used
to weight forecast elements differently in each initial-
ization month, although here we used a single
weighting based on mean skill for each predictor in
the feature vector for all lead times. We acknowledge
that an optimization approach toward predictor
screening and selection, for which many techniques
are available (e.g., Tibshirani 1996), would almost
certainly be beneficial.
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FIGURE 2. Anomaly correlation of NMME one- and three-month temperature and precipitation forecasts with respect to North American
Land Data Assimilation System observed anomalies (1982-2016) for the entire basin and the four individual basins. The dashed line
corresponds to an anomaly correlation of 0.3, which represents a usability threshold.

Spatial Evaluation Scenarios

The kNN trace weighting method was applied for
two different spatial scale strategies described in the
following sections — Basin-wide method and the
Disaggregated-basin method. Although the paper
focuses on aggregate flow at the outlet of the entire
Upper CRB (approx. 113,000 sq. mi.), we hypothesize
that the NMME may offer useful information to dis-
criminate subbasin scale climate variability (HUC-4s
average 14,000 sq. mi.), such a wetter Green River
basin in the north combined with a drier San Juan
basin in the south, as occurs under La Nifia ENSO
conditions (Clark and Serreze 2001).

Case 1: Basin-Wide Method. The Basin-wide
method of applying KNN weights the ESP forecast
members based on NMME forecasted temperature
and precipitation aggregated over the entire Upper
CRB. The Upper CRB aggregated NMME forecasts
were calculated from a flow-weighted average of indi-
vidual HUC-4 NMME forecasts, as opposed to using
area-weighted averages, because runoff’'s importance
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to Lake Powell unregulated inflow varies across the
contributing HUC-4s. The weighted climate forecasts
were based on the observed long-term mean ratios of
contributing flows from each HUC-4 basin to the
inflow to Lake Powell, as calculated based on USGS
stream gages near HUC-4 outlets as unregulated
flows were not available near all HUC-4 outlets.
Though gaged flows were used in this part of the
analysis, the relative subbasin contribution to basin
runoff in the long-term mean is similar between the
observed and unregulated data series. The ESP trace
weights based on the Basin-wide method were
applied uniformly to the ESPs in the Upper CRB.

Case 2: Disaggregated-Basin Method. The
Disaggregated-basin (Disagg-basin) strategy splits
the Upper CRB into four different subbasins based on
the major tributaries in the Upper CRB and CRMMS
forecast locations. The kNN weighting is estimated at
each of the four basins separately, producing differ-
ent ESP trace weights for each subbasin. This results
in new ESP ensembles in the sense that the re-
combination of ESP members from the subbasins can
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create a wider range of forecasted unregulated
inflows to Lake Powell than is available from the his-
torical record combinations that are used in the
Basin-wide ESP.

The four subbasins are the (1) Main Stem, (2)
Green, (3) Gunnison, and (4) San Juan. The eight
HUC-4s are categorized into the four basins as shown
in Table 2, based on the forecast locations used in
CRMMS. For instance, the Lower Green HUC-4 is
along the Green River, but the contributing flows
from this HUC-4 are included in the Lake Powell
unregulated inflow forecast since the downstream
most CRMMS forecast location on the Green River is
above the Lower Green HUC-4.

The NMME temperature and precipitation fore-
casts for the four subbasins are weighted based on
contributing flow from each subbasin’s HUC-4 water-
sheds. The 12 CRMMS forecast locations are also
split into the four subbasins as shown in Table 2. The
historical preceding three-month averaged flows used
in the feature vector are the total contributing or
intervening flow for each of the four subbasins.

This requires calculating new total unregulated
flow volumes for each subbasin. Since forecast loca-
tions are for total flow, this involves adding

TABLE 2. HUC-4 and CRMMS forecast location assignment in
Disaggregated-basin (Disagg-basin) method.

Disagg-
basin HUC-4 Forecast locations
Green 1404 — Great 1. Fontenelle Inflow (@gont)
Divide-Upper 2. Flaming Gorge Unregulated
Green Inflow (Qpg)
1405 — White- 3. Yampa at Deerlodge Park
Yampa (@yampa)
Gunnison 1402 — Gunnison 4. Gunnison — Gains Crystal to
Grand Junction (Qcrycy)
5. Crystal Unregulated Inflow
(QCry)
6. Morrow Point Unregulated
Inflow (Qwmp)
7. Blue Mesa Unregulated
Inflow (@pm)
8. Taylor Park Inflow (Qrp)
San Juan 1408 — San Juan 9. Animas at Durango (@ animas)
10. Vallecito Inflow (@van)
11. Navajo Unregulated Inflow
(QNav)
Main 1401 — Colorado 12. Lake Powell Unregulated
Stem Headwaters Inflow (@powen)
1403 — Upper
Colorado-Delores
1406 — Lower
Green
1407 — Upper
Colorado-Dirty
Devil
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tributaries to the downstream most forecast location
on each tributary. The Main Stem flow is calculated
differently since the Green, Gunnison, and San Juan
River flows must be subtracted from the Lake Powell
unregulated inflow forecast location. The flows for
each subbasin are described in the following equa-
tions:

QGreen = QFG + QYampa: (7
QGunnison = QCry + QCryGJ > (8)
QSanJuan - QNav + QAnimas’ 9

QMainStem = QPowell - (QGreen + QGunnison + QSanJuan)
(10)

with variables defined in Table 2.

Once kNN is performed on each of the four sub-
basins separately, the forecasts are recombined to cal-
culate a new CRMMS input ensemble for the 12
forecast locations. For all forecast locations except the
Lake Powell unregulated inflow location, the resam-
pled 100-member ensembles are combined. The traces
(ensembles) in each of the four subbasins traces were
sorted by trace weights from highest to lowest then
combined by matching traces across all subbasins
with equal ranks or weights. This results in the
traces with the highest weights or lowest weights
being combined. The Lake Powell unregulated inflow
forecast location was calculated from this new combi-
nation of traces from all four subbasins as follows:

QPowell = QMainStem + QGreen + QGunnison + QSanJuan'
(11)

The Disagg-basin method results in a new ensem-
ble with a different spread and distribution than the
original ESP forecast and the Basin-wide method
because it was not limited to combinations of sub-
basin results that had occurred in the historic record.
This combination of flow sequences across subbasins
without regard to their spatial covariation across
basins would be problematic if the focus of the out-
come was on higher frequency timeseries — that is,
daily, weekly, or even monthly, in which case the
synchronization of flow arising from weather- or
climate-driven patterns is an important characteristic
to preserve. Because our focus is on seasonal and
longer volumetric flow input to Lake Powell, or in
individual basins, ensuring realistic space-time sub-
period sequencing of the flows is not a constraint to
the choice of technique.
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An alternative technique for combining traces from
subbasins was also assessed, though the results are
not shown here. Subbasin trace combinations were
created by conditionally resampling each subbasin’s
traces separately according to the frequencies indi-
cated by their weights. This strategy also allowed
each trace to potentially have a different combination
of historical years of temperature and precipitation
across subbasins than exists in the historical record,
also potentially allowing for different variability than
is found in the historical record. We found that this
strategy made a minimal difference in the resulting
verification metrics in the CRB domain (which does
not imply that this would be the case elsewhere).

Verification Metrics

Streamflow forecasts from ESP and kNN methods
are compared to historical unregulated flows at the
inflow to Lake Powell and the four subbasins used in
the Disagg-basin method. Verification metrics are cal-
culated for the runoff season volume, April-July, for
lead times of up to 12 months prior to the last fore-
cast in July. Runoff season volume is measured in
million acre-foot (MAF), a common volumetric mea-
sure used in U.S. water resources, which represents
1 foot of water covering an acre of land, or 0.81 bil-
lion cubic meters. Recognizing the likely audience of
this paper, we present results in the units currently
(and traditionally) used in operations and manage-
ment, along with this conversion factor for interna-
tional readers. The forecasts initialized in May, June,
and July include historical unregulated flows for the
part of the runoff seasonal that has already been
observed (i.e., is before the initialization date). These
forecast leads have higher skill and lower errors com-
pared to other forecasts since there are fewer months
in the runoff season to forecast, and the observed por-
tion has zero error. Lead times in this paper are
defined as months until the end of July or the end of
the forecast period. For example, a January forecast
would be defined as a seven-month lead since Jan-
uary is seven months before the end of July, even
though metrics are validated on the April-July per-
iod. We recognize that it is common in many forecast
contexts to define lead times differently, for example,
between forecast issuance and the beginning of the
forecast event. The definition used here aligns with
the understanding of a widely used CRB manage-
ment forecast product, the “24-Month Study,” which
provides a two-year outlook for the future conditions
of the reservoir system.

The forecast verification measures used here
include an accuracy metric, the root mean squared
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error (RMSE), which is the mean square root of the
average of the squared differences between volume
forecasts and observations, calculated for each ensem-
ble member in a forecast and then averaged across a
sample (sequence) of ensemble forecasts made on a
single initialization date (e.g., March 1). Because the
errors are squared, larger errors have a greater influ-
ence on RMSE than smaller errors. We also calculate
a probabilistic error metric, the continuous rank
probability score (CRPS; Hersbach 2000), which is
the integrated squared difference between the cumu-
lative distribution function of the forecast ensemble
and the corresponding distribution of observations (a
Heaviside function equaling 0 for values below each
verifying observation and 1 for values equal to or
greater than the observation). The CRPS can be
decomposed into two elements, reliability and poten-
tial. The CRPS reliability can be interpreted similarly
to a rank histogram, which summarizes the accuracy
of the probabilistic spread of a forecast, while the
CRPS potential represents the skill that could be
achieved if the forecast were reliable, and is strongly
influenced by systematic spread errors (i.e., too many
or too few outliers) in the ensembles (Hersbach 2000).
All these metrics are bounded at zero and lower val-
ues are desired.

Two skill score metrics are also used, allowing for
comparison between the accuracy and skill of the
forecasts relative to the performance of a reference
forecast, and taking the form 1-forecast_metric/
reference_metric (Wilks 2010). One skill score is the
calculated using the forecast’'s CRPS error metric,
and thus is called the continuous rank probability
skill score (CRPSS). The second skill score is calcu-
lated using the mean squared error metric, and is
called the mean squared skill score (MSSS) is the
average squared difference between forecast ensem-
bles and observations, compared to the reference fore-
cast. Two reference forecasts are used for comparison
to the experimental forecasts. The first is the
observed runoff volume climatology from 1981 to
2010, meaning that each forecast is the same sample
(ensemble) of historical values for the predictand
(e.g., April-July flow) taken from this historical per-
iod. The second is the traditional ESP forecast (with-
out climate weighting) that corresponds to the given
forecast from the proposed methods, which contains
the same yearly varying initialization information as
the climate-weighted experimental forecasts. The
CRPSS and MSSS skill scores range from 1 to —co,
with a perfect skill score equal to 1. A skill score of 0
means the skill of the forecast is equal to that of the
reference forecast, and a negative skill score means
the forecast is less skillful than the reference fore-
cast.
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RESULTS

The ESP, Basin-wide kNN, and Disagg-basin kNN
streamflow forecasts were analyzed for their skill and
accuracy when forecasting runoff season unregulated
inflow to Lake Powell. The CRPSS at leads of 12-
months to 1-month for the three forecasts compared to
the reference forecast of climatology is shown in the
left panel of Figure 3. Since we are computing a sea-
sonal flow, the forecast includes observed unregulated
flows once the lead is less than four months since the
April flow would have been observed by the time of
forecast. At longer leads of 12 and 11 months, the fore-
casts all perform relatively poorly with the median
skill of the Basin-wide kNN forecast slightly outper-
forming other forecasts. The Disagg-basin kNN fore-
cast has a wider range of CRPSS skill values than the
other two forecasts with some forecasts having high
skill, but overall, the median skill is lower than the
other forecasts.

As leads decrease, the skill of all the forecasts
increases. The forecast with the highest median skill
varies by lead, but the two climate-informed ESPs
have slightly improved CRPSS skill from December to
March. After March, the median skill of all forecasts
is relatively the same, with only small differences in
the range of skill as shown by the boxes of each box-
plot. Notably, the error (right panel of Figure 3) yields
a different perspective: errors are larger (worse) at
longer leads and decrease with lead, as expected for
volume runoff forecasts, but the Disagg-basin kNN

forecasts have a markedly lower error compared to the
other forecasts at most lead times. The median error
of Disagg-basin kNN is about 1 MAF lower than the
other forecasts at longer leads and decreases as all
forecasts start to perform better. The Basin-wide kNN
forecast performs better than ESP at most leads, espe-
cially at shorter leads when the NMME forecasts have
a greater impact on the analyzed flow. Based on these
metrics, the NMME weighting helps in the Disagg-
basin method for February and March, consistent with
the determination of skill in the NMME precipitation
or temperature during these months (see Figure 2).

To understand why the two metrics shown in Fig-
ure 3 suggest different outcomes (e.g., some leads
showing lower error but also lower skill), we evaluate
the CRPS decomposition elements, reliability, and
potential. As seen in Figure 4, the CRPS reliability
for the forecasts is relatively similar, with the
Disagg-basin kNN method showing a slightly worse
CRPS reliability on average and with a greater
spread. For CRPS potential, the ESP and Basin-wide
kNN forecasts perform worse than the Disagg-basin
kNN forecasts, indicating that without such reliabil-
ity errors this method would produce the best fore-
casts. This suggests that the benefits in the Disagg-
basin kNN method arise at least in part from narrow-
ing the forecast spread, as opposed to an increase in
correlation skill for the median forecast. This is con-
sistent with Figure 3, which shows that the Disagg-
basin KNN method performs similarly to the other
forecasts when considering CRPSS skill but performs
better with RMSE.
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FIGURE 3. Continuous ranked probability skill score (CRPSS) and root mean squared error for runoff season streamflow forecasts of Lake
Powell unregulated inflow. The streamflow forecasts ensemble streamflow prediction (ESP), Basin-wide k-nearest neighbors (kNN), and
Disaggregated-basin (Disagg-basin) kNN are compared at leads of 12-months to 1-month. The reference forecast for the CRPSS calculations
is climatology. The boxplot boxes represent the 25th-75th percentiles, with the median as the midline. The whiskers extend to the 5th and
95th percentiles, and the outliers are any data outside this range. MAF, million acre-foot.
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FIGURE 5. CRPSS and mean squared error skill score (MSSS) with reference forecast of ESP for runoff season streamflow forecasts of Lake
Powell unregulated inflow. The streamflow forecasts Basin-wide kNN and Disagg-basin kNN are compared at leads of 12-months to 1-month.
See Figure 3 for the description of the boxplots.

To explicitly compare the two kNN forecasting
methods to ESP, we can use skill scores with a refer-
ence forecast of ESP, as opposed to climatology (Fig-
ure 5). The CRPSS results for Disagg-basin kNN
show no improvement over the ESP forecast except
at leads during February and March, with some
minor improvements in other months. The Basin-
wide kNN forecasts outperform the Disagg-basin
kNN forecasts in most months, with the Disagg-
basin kNN method exhibiting larger ranges in
CRPSS. For MSSS skill, both forecasts show
improvements over ESP for most leads. The Disagg-
basin kNN forecasts have much higher MSSS skill
compared to the Basin-wide method. During
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February through June, the MSSS skill of the Basin-
wide kNN method improves compared to ESP, illus-
trating that weighting the raw ESP traces with
NMME forecast can improve the mean squared error
of the runoff season streamflow ensemble. The
February through June period is also a period when
Basin-wide NMME temperature and precipitation
forecasts have generally good performance, though
the three-month temperature forecasts exhibit poor
skill during February and March (see Figure 2). The
striking improvement in the MSSS for the Disagg-
basin KNN approach can be traced to the reduced
appearance of high outlier flows in the resulting
ensembles.
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E ESP Ed Basin-wide kNN 5 Disagg-basin kNN

Forecast (MAF)

Forecast (MAF)

Error (MAF)

FIGURE 6. Runoff season ensemble forecasts for 1982-2016 compared to observations ranked by year (top) and observed value (middle), and
the forecast trace error ranked by observed value (bottom). ESP, Basin-wide kNN, and Disagg-basin kNN forecasts of Lake Powell April-
July unregulated inflow are compared for each year at a seven-month lead in January. Observed unregulated inflow is represented by a red
horizontal line. See Figure 3 for the description of the boxplots.

To illustrate (qualitatively) the outcome of the
trace-weighting for forecasts, Figure 6 shows an
example of the streamflow forecasts for each year
compared to observations, using seven-month lead
forecasts (e.g., initialized January 1) for the period
1982-2016. The figure shows forecasts ranked by
observed value (top) and chronologically (bottom),
and the ensemble trace errors (bottom). Note, at a
seven-month lead, the runoff forecasts for the Upper
CRB have limited discrimination because the runoff
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variability is largely driven by snow accumulation,
which is still nascent at this time of year. Higher flow
years are detected in part because such years often
have an earlier than normal snow accumulation. The
ESP forecasts generally have a wider spread than the
Disagg-basin kNN forecasts. The Basin-wide or
Disagg-basin kNN forecasted median flows improve
on ESP in most years (25 of 35), based on whether
the median is closer to the observation or if similar,
the forecast has a smaller spread. The kNN-based
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FIGURE 7. Analysis of January 1990 climate forecasts from NMME compared to observations for various basins. The lighter shades of the
colors are the NMME forecast and the darker shaded colors are the observations.

trace-weighting tends to perform better during above
or below average flow years but does not add much
potential value during average flow years. This find-
ing is consistent with previous research that exami-
nes why near-normal forecasts are difficult to
skillfully predict (van den Dool and Toth 1991).

To understand whether these improvements are
related to the use of NMME-based predictors, we
analyzed specific forecasts to determine whether
NMME forecast anomalies (e.g., wet/dry, warm/cold)
were consistent with observed climate anomalies,
particularly for kNN-based forecasts that performed
better than the associated baseline ESP forecasts. As
an example, Figure 7 shows the January 1990 fore-
casted NMME temperature and precipitation anom-
aly forecasts, corresponding to a runoff season in
which the flow was slightly below average. The nega-
tive runoff anomaly was driven in part by tempera-
tures that were above average coupled with below-
average precipitation (the observation bars in Fig-
ure 7) in the forecast timeframe (January for one
month and January-March for three months). The
NMME forecast captures the below-average one-
month precipitation well, and forecasts above-average
temperatures for both leads, though the forecasted
magnitudes are not as large. The three-month
NMME precipitation forecast shows slightly above
average precipitation forecasted for most basins,
though the forecasts are relatively close to zero. In
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aggregate, the analysis suggests that the NMME
forecasts do play a role in benefitting the runoff fore-
cast — in the case illustrated, NMME forecasts condi-
tioned the volumetric runoff forecast toward below
average.

DISCUSSION AND CONCLUSIONS

The post-ESP method explored in this work illus-
trates the opportunity for modern climate forecasts
from the NMME to inform and improve seasonal
spring runoff streamflow forecasts through a postpro-
cessing framework in the Upper CRB. NMME one-
and three-month temperature and precipitation fore-
casts, along with three-month preceding averaged
flow were shown to be useful predictors for weighting
ESP streamflow traces. Two approaches to apply the
climate forecast information from NMME were
explored, testing whether the use of forecasts on a
level of greater spatial / watershed resolution would
provide more skill than using them at more spatially
aggregated resolution, applying different climate sig-
nals in different subbasins of the Upper CRB. The
established weighted analog method (kKNN) was
applied to translate the climate forecast signals into
alternative weightings for ESP. Both trace-weighting
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strategies led to forecasts that were generally (but
not always) more accurate than ESP for all lead
times. The greater spatial granularity of the Disagg-
basin kNN showed substantially reduced error com-
pared to other forecasts at all leads through May.
The CRPSS-based skill results were more equivocal
than RMSE-based results, likely because the spread
of the Disagg-basin kNN forecasts can be too narrow,
especially at times of low skill, compared to reference
climatology forecasts. The narrower spread of the
Disagg-basin kNN method could arise from the abil-
ity of NMME to successfully weight traces in the ESP
toward the observed runoff, or it could be an artifact
of the method coupled with NMME forecasts erro-
neously and systematically down weighting some
traces while upweighting others. For instance, if
NMME circulation misrepresents the spatial variabil-
ity and co-variability of precipitation and tempera-
ture, ESP traces based on observations with such
patterns would never receive appropriate weight. In
general, a reduced spread is desirable in a forecast,
to the extent that the forecast spread still gives an
unbiased expectation of the frequency of the observed
outcome (i.e., it is commensurate with forecast skill
improvements). Here, the narrow spread slightly
degrades reliability for the Disagg-basin strategy
(e.g., Figure 4), thus it is making some of the fore-
casts overconfident. The ability to ascertain such fore-
cast qualities through efforts such as hindcasting is
important so that operators can calibrate their use, if
deficiencies cannot be eliminated.

A simplification made during this analysis was to
treat temperature and precipitation independently,
though these variables are correlated in nature. Due
to their cross correlation, it is likely that the inclu-
sion of both variables adds less information to the
analog selection than it would if they were fully inde-
pendent, although there is cause to include both.
Cross correlations between precipitation and temper-
ature tend to be in the range of —0.4 to —0.6, which
means they only explain 25%-36% of the variability
in their occurrence. This means that all combinations
of precipitation and temperature anomalies do occur
in nature (e.g., cold-wet, cold-dry, warm-wet, warm-
dry). In this basin, due to variability driven from a
variety of mechanisms (such as easternly frontal sys-
tems and northerly tropical connections, among
others), including both predictors allows for discrimi-
nating between such patterns.

When comparing the two trace-weighted methods
to traditional ESP, the Basin-wide kNN method per-
forms better than ESP when considering skill for
February through July, though by variable amounts.
The Disagg-basin kNN approach shows much higher
MSSS-based skill compared to ESP and the Basin-
wide kNN method for all leads, though the Basin-
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wide method also outperforms ESP especially in the
late winter to early summer. These differing results
illustrate that the choice of metrics can have a large
impact on the interpretation of the benefits of using
the NMME-informed trace-weighting, thus it is
important to focus on metrics that respond to charac-
teristics of forecasts that are important for particular
decision uses (e.g., the accuracy of the median fore-
cast vs. the forecast spread and statistical reliability).
The results of the study support the potential use of
NMME forecasts at a HUC-4 level of disaggregation,
and also outline a strategy for combining weighted
traces from different subbasins to generate a broader
range of ESP traces than is typically available from
resampling basin-wide hydrology.

This work is not an exhaustive study of post-ESP
methods but it does apply pragmatic choices toward
implementing a new, state of the science climate fore-
cast resource (the NMME) through post-ESP methods
for potential water management in the Upper CRB.
Further research could explore more extensive data-
driven approaches to predictor screening and selec-
tions, weighting schemes, distance calculations, pre-
dictors, or postprocessing calibration techniques. In
particular, it is likely that greater climate skill could
be harnessed from shorter range forecasts that are
more skillful, including weather scale forecasts
(which are used at the CBRFC), or S2S forecasts —
for example, forecasts for 2-3 weeks lead times,
which are not currently used in operations but tend
to have higher skill than the NMME one- and three-
month forecasts. In separate work by the authors,
S2S forecasts from an individual NMME model, Cli-
mate Forecast System version 2, were postprocessed
and assessed on a HUC-4 watershed scale, but were
not incorporated into this study (Baker and Wood
2020) due to their shorter length of hindcast record.

The method could also be improved through a
broader investigation of potential predictors included
in the kNN analog feature vector. In this case, the
selection of antecedent streamflow and forecasted
precipitation and temperature was based on decades
of experience in the communities of research and
practice documenting their predictive relationship to
future runoff. Other watershed variables known to
influence streamflow, such as soil moisture or snow
water equivalent were not included here. Both are
inherently reflected in the modeled watershed states
used to initialize the ESP forecasts, although we did
include the common predictor antecedent streamflow,
which is in part a proxy for soil moisture variability.
Nonetheless, a data-driven approach to predictor
selection, including large-scale climate system fields
such as sea surface temperatures (as in Baker et al.
2020) may lead to improved performance compared to
the narrowly focused approach used here. It is also

JAWRA



Baker, RaJacopaLAN, anD Woob

likely that varying the predictors by forecast month
— for example, to remove NMME forecasts or other
predictors when they do not benefit skill, while keep-
ing them when they do, would provide a benefit.
Despite various limitations in certain aspects of the
approach, the overall results of the work recommend
the adoption of climate forecasts to inform streamflow
forecasting at certain leads, such as in the winter
when ESP forecasts are less skillful due to limited
knowledge of potential anomalous winter precipita-
tion that could lead to higher or lower streamflow.
The proposed post-ESP methodology can be applied
to other basins that depend on ESP streamflow fore-
casts throughout the U.S., for which S2S watershed
scale climate forecasts are available. This strategy
will likely be most useful in watersheds where
NMME climate forecast skill is high, such as south-
ern California in winter and spring or the southeast-
ern U.S. during fall and winter.

The streamflow forecasts analyzed in this work are
on the scale used in Reclamation’s mid-term opera-
tions and planning model, CRMMS. The improved
streamflow forecasts with the kNN weighting
schemes could be applied to CRMMS to assess how
improved streamflow forecasts translate into opera-
tion projections. Improvements to streamflow fore-
casts, even if modest, could improve projections of
future streamflow and reservoir system conditions in
the CRB, which would benefit stakeholders who
depend on operational projections of future basin con-
ditions for their decision making.
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