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ABSTRACT

ENSEMBLE STREAMFLOW FORECASTING FOR THE
UPPER TRINITY RIVER BASIN IN TEXAS
MANABENDRA SAHARIA, M.S.

The University of Texas at Arlington, 2013

Supervising Professor: Dr. Dong-Jun Seo

By allowing for routine use of longer-lead quantitative precipitation forecast (QPF) in
hydrologic prediction, ensemble forecasting offers hope for extending the lead time for short-
range streamflow forecasting. In this work, this potential is assessed by comparatively evaluating
ensemble streamflow hindcasts forced by Day 1-3 QPF with those forced by Day 1 QPF for five
headwater basins in the Upper Trinity River Basin in North Texas. The hindcasts are generated
for a 7-year period of 2004 to 2010 using the Hydrologic Ensemble Forecast Service (HEFS), which
operates on the Community Hydrologic Prediction System (CHPS) of the National Weather
Service (NWS). HEFS includes the Meteorological Ensemble Forecast Processor (MEFP), Ensemble
Postprocessor (EnsPost) and Ensemble Verification System (EVS). In this study, MEFP is used to
generate ensemble QPFs from the West Gulf River Forecast Center (WGRFC)-produced single-
valued QPFs, EnsPost is used to post-process the streamflow hindcasts in terms of correcting
hydrologic bias involved and EVS is used to verify the precipitation and streamflow ensemble
hindcasts. The results show that: (1) The ensemble QPFs produced from single-valued QPFs using
MEFP are generally skillful and reliable, (2) Using Day 1-3 single-valued QPF via HEFS significantly
increases the skill in short-range Ensemble Streamflow Prediction (ESP) forecasts; and (3) Post-
processing of ESP ensembles via EnsPost improves discrimination and reliability of the raw ESP
ensembles. Finally, the issues and challenges are identified and future research

recommendations are provided.
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CHAPTER 1

INTRODUCTION

Predicting river flows from observations and predictions of precipitation and other
meteorological variables is an important topic in applied hydrology. Accurate river flow
forecasting is not only important for flood forecasting, but also for a range of applications related
to design, operation and management of water resources structures. River forecasts with
sufficient lead time are important for issuing warnings and enacting preventive measures,
including evacuation. Increasing lead time also provides significant economic benefits as it

facilitates cost-effective water management and provides protection from water shortages.

Currently, the National Weather Service (NWS) West Gulf River Forecast Center (WGRFC)
produces single-valued river stage forecasts for the Texas region. For future precipitation, the
operational practice at WGRFC is to input single-valued quantitative precipitation forecast (QPF)
out to only 12-24 hours with no precipitation assumed thereafter. In a single-valued mode,
getting longer-range QPF right is extremely difficult due to lack of predictability. The objective of
this study is to produce skillful forecasts of streamflow at longer lead times using longer-lead
QPFs and post-processing of simulated streamflow. The premise of this work is that, via ensemble
forecasting, one may utilize the skill in longer-lead QPF and hence extend the lead time of

streamflow forecasts.

Single-valued forecasting is currently the dominant paradigm in streamflow forecasting.
Streamflow forecasts are, however, inherently uncertain due to uncertainties in inputs, initial
conditions (IC), parameters and structures of hydrologic models. To allow risk-based decision
making, streamflow forecasts should convey uncertainty information. Quantifying predictive
uncertainty in streamflow forecasts is an active area of research and is recognized as one of the

most pressing needs in operational hydrology today.

Owing to the disparate sources of uncertainty involved, hydrologic prediction with reliable
uncertainty estimation is a challenge (e.g. [1], [2], [3]). In the past several years, a number of

guantitative and qualitative approaches have been used to assess uncertainty and utilize that
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information in decision making (for reviews; see [4], [5], [6]). A large number of methods have
emerged for quantification of uncertainty in operational hydrologic forecasting. They are based
on one of the two modeling approaches - the lumped approach, which directly models the total
uncertainty and the source-specific approach which models specific sources of uncertainty
separately and combines them to get the total uncertainty. A distinction is made between input
and hydrologic uncertainty, the latter of which includes uncertainties in the ICs, parameters and
structures, which are usually lumped together and modeled as hydrologic uncertainty ([19], [20],
[21], [22], [2], [4], [23]). An example of the lumped approach is Model Output Statistics (MOS;
[24], [25], [26]), in which a statistical relationship is estimated between historical forecasts and
observations. Based on the relationship, real-time forecasts are subjected to an adjustment and
the uncertainty is estimated from the historical residuals surrounding the regression relationship.
As source-specific approaches model key sources of uncertainty, they can incorporate human
forecaster judgment and prior information ([27], [28]) to make targeted improvements in

modeling ([29], [30], [31]).

The first hydrologic ensemble prediction operation was developed by the National Weather
Service (NWS; [35]) in the 1970’s. Ensemble Streamflow Prediction (ESP) was added to the NWS
River Forecast System (NWSRFS) to generate streamflow ensembles up to 90 days ahead based
on historical precipitation and temperature observations. The system was further improved by

I "

using seasonal “climate outlooks” produced by the Climate Prediction Center (CPC) of the
National Centers for Environmental Prediction (NCEP) and short-range QPF produced by the NWS
River Forecast Centers (RFC). Recently, an application called the Hydrologic Ensemble Forecast
Service (HEFS) has been developed by the NWS for ensemble forecasting of precipitation,
temperature and streamflow from one hour to one year into the future ([9], [10]). HEFS adopts
the source-specific method by modeling meteorological and hydrologic uncertainties separately
via the Meteorological Ensemble Forecast Processor (MEFP) and Ensemble Postprocessor
(EnsPost). Ensemble forecasts of precipitation are produced by MEFP from single-valued QPFs
based on the bivariate probability distribution between the observed precipitation and the

single-valued QPF [12]. Streamflow prediction takes place in two steps. Firstly, “raw” streamflow

forecasts are generated from the future ensemble forcings produced by MEFP. The resulting



streamflow ensembles may contain biases in the mean and in the higher-order moments. These
“raw” streamflow forecasts are post-processed with EnsPost, which accounts for hydrologic
uncertainty and reduces biases [2]. EnsPost models the joint probability distribution of the
observed and simulated streamflows in normal quantile space (NQT; [1], [2]). Currently, Version

1 of HEFS is scheduled for operational use in all RFCs by 2014.

In this work, HEFS is used to assess the value of utilizing Day 2-3 QPF in short-term ESP via
ensemble hindcasting and verification. The organization of this thesis is as follows. Following this
introductory chapter is Chapter 2, which presents details of HEFS and its various components.
Chapter 3 describes the approach and methodology adopted for this study, as well as a
description of the experiments. The results from the various experiments and their analysis is
provided in Chapter 4. Chapter 5 summarizes the thesis, including the conclusions and future

research recommendations drawn from this research. Concluding this thesis is the bibliography.



CHAPTER 2

HYDROLOGIC ENSEMBLE FORECAST SERVICE (HEFS)

HEFS refers to a suite of modules in the Community Hydrologic Prediction System (CHPS)
that can be used for a wide spectrum of applications such as flood forecasting, water supply
management and water quality forecasting. The ability to issue reliable and skillful probabilistic
predictions is dependent on accurately accounting for the various sources of uncertainty. HEFS
explicitly accounts for the major sources of uncertainty by modeling meteorological and
hydrologic uncertainties separately. Reliable and skillful ensemble forecasts of precipitation and
temperature are necessary to produce reliable and skillful hydrologic ensemble forecasts ([2],
[7], [8]). While ensemble precipitation forecasts are widely available from various numerical
weather prediction (NWP) models, they are generally not very reliable due to the various sources
of error in NWP model predictions. The purpose of MEFP is to produce reliable ensemble
forecasts of future forcings that capture the skill contained in the source forecasts (single-valued

or ensemble).

HEFS propagates the forcing ensembles generated by MEFP through a suite of hydrologic
models to get raw streamflow forecasts. For hydrologic uncertainty, HEFS does not model
individual sources of uncertainty, such as ICs, parametric and structural uncertainties. Instead, it
models the collective uncertainty as a single stochastic term using EnsPost [2]. A hindcast is a
simulated forecast generated by going back in time and treading the forecast process as if one is
trying to predict the future without the benefit of any verifying truth. All precipitation and
streamflow hindcasts (raw and post-processed) are verified using Ensemble Verification System

(EVS; [5]). Figure 2.1 shows the schematic of various components within HEFS.



Hydrologic Ensemble Forecast System || Ensemble
Verification

System

Meteorological Ensemble
Forecast Processor (MEFP)

Ensemble Post -Processor
(EnsPost)

""""""

orecasters / \ Users ) :
Ensemble - _ Verification « I -
Forecast ' Products l

Products

Figure 2.1. Schematic of Hydrologic Ensemble Forecast Service (HEFS) [43]

2.1 Meteorological Ensemble Forecast Processor (MEFP)

MEFP models the uncertainty in the future forcings of precipitation and temperature and
has two components: the MEFP Parameter Estimator (MEFP PE) and the MEFP Ensemble
Generator (MEFP EG). It is an integral component of HEFS and models the uncertainty associated
with future mean areal precipitation (FMAP) and future mean areal temperature (FMAT) that are
inputs to the hydrologic model. MEFP is capable of utilizing forecast information from multiple
sources of weather and climate prediction models such as the NCEP’s Global Ensemble Forecast
System (GEFS) forecasts and single-valued forecasts produced by the RFC ([7], [11], [12]).
Additionally, climatological ensembles up to one year can also be generated from historical

observations or from statistically smoothed climatology from historical observations [32].

MEFP is based on the statistical technique of Schaake et al. (2007) [11] to generate

ensemble forecasts of precipitation and temperature from single-valued QPF and quantitative

5



temperature forecasts (QTF), respectively. It is based on the modeled bivariate probability
distributions between the observed precipitation and temperature and the single-valued QPF
and QTF, respectively. MEFP also includes an improved precipitation ensemble generation
technique based on a mixed-type bivariate meta-Gaussian distribution model of Wu et al. (2011)
[12]. For precipitation or temperature, MEFP PE estimates the joint probability distribution
between observations and single-valued forecasts. MEFP EG then samples precipitation or
temperature ensembles from the conditional distribution given the single-valued QPF or QTF,
respectively. Finally, Schaake Shuffle [15] is used to rank the ensemble members and construct

the time series according to the ranks of historical observations.

2.2 Ensemble Postprocessor (EnsPost)

The forcing ensembles generated using MEFP are ingested into the suite of hydrologic
models of CHPS to generate raw streamflow ensembles that reflect input uncertainty. These raw
ESP ensembles do not account for hydrologic uncertainty and may be biased in their mean,
spread and higher-order moments. In order to correct for biases and to model the hydrologic
uncertainty, HEFS uses the Ensemble Postprocessor, or EnsPost, developed by Seo et al. [2].
EnsPost attempts to model all sources of hydrologic uncertainty in a lumped fashion to generate

post-processed streamflow ensembles that reflect both input and hydrologic uncertainty.

The importance of accounting for hydrologic uncertainty in ensemble forecasting,
especially in short-term forecasting, has been documented in several studies [16]. EnsPost
employs a combination of probability matching and recursive linear regression [2]. It stratifies
the regression according to season and flow magnitude in order to reflect seasonality and flow
regime-dependent temporal correlation structures in streamflow. Historical time series of
observed and simulated flow are converted into normal variates via Normal Quantile
Transformation (NQT; [36], [37]). A regression is obtained for each combination of season and
flow regime and optimal parameters are obtained by minimizing a combination of error statistics.
Two kinds of error models are currently available in EnsPost, the Stochastic Error Model (ERS)
and the Deterministic Error Model (ERD). In the real-time mode, the 6-hourly streamflow
forecasts are aggregated to daily forecasts, the daily forecasts are post-processed, and the post-
processed daily streamflow ensembles are disaggregated for sub-daily periods. The efficacy of
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EnsPost is subject to availability of long-term streamflow data and stationarity of streamflow

climatology.

2.3 Ensemble Verification System (EVS)

Most of the techniques used to verify ensemble forecasts were pioneered in meteorology
[13]. EVS developed by Brown et al. (2010) [5] is a flexible and modular open-source component
of HEFS. EVS is programmed in Java and designed to verify forcing and hydrologic ensembles.
Using this tool, forecasts can be evaluated for a range of forecast horizon, space-time scale,
seasonality and magnitude of event. Forecasts can also be aggregated in time, such as daily
precipitation values from 6-hourly forecasts or aggregated spatially to verify ensembles across
several discrete locations. Graphical and numerical outputs can be generated in several different
formats. The quality of a forecast can be evaluated by measuring key attributes such as reliability
or unbiasedness of the forecast probabilities, discrimination (ability to distinguish between
events and non-events) and skill relative to a baseline forecasting system ([17], [13]). Brown et
al. (2010) [5] also presents a diagnostic verification strategy for hydrologic ensembles based on
selection of summary verification metrics and analysis of the relative contributions of different
sources of error. EVS is currently used operationally at several NWS RFCs and supports scientific

research and development ([7], [12], [5]).

2.4 Community Hydrologic Prediction Service (CHPS)

Since the 1970’s, the NWS has been using NWSRFS for river forecasting which is now being
replaced by CHPS. CHPS is a customized version of Delft-Flood Early Warning System (FEWS)
developed by Deltares of Netherlands. Being an open source tool adopted by a number of
forecasting agencies around the world, CHPS/FEWS provides a common infrastructure for
hydrologic modeling for cost-effective infusion of advances in science and technology ([40], [41],

[42]).

CHAPTER 3



APPROACH AND METHODOLOGY

This chapter describes the approach and methodology used in this study, the hindcasting

experiments conducted, the study area and the data used.

3.1 Hindcasting Experiments
To assess the value of Day 2-3 QPF to short-range ESP, a set of ensemble hindcasting
experiments and ensemble verification were designed and carried out. The hindcasting process

follows the schematic in Figure 3.1. This section describes the process in some detail.

MAP Single-valued QPF

Climatology Ensemble QPF

< CHPSModels >

Raw streamflow ensembles

Post-processed flow ensembles

Figure 3.1 Schematic view of data flow of information in HEFS

Experiment 1. Generate Day 1 ensemble QPF (EQPF) from Day 1 single-valued QPF and Day 2-14
ensemble precipitation hindcasts from climatology, input the Day 1-14 ensemble precipitation
hindcasts into ESP to generate raw ESP ensembles. Here EQPF and ensemble precipitation

hindcast are used interchangeably,

Experiment 2. Apply EnsPost to the raw ESP ensembles in Experiment 1,



Experiment 3. Generate Day 1-3 EQPF from Day 1-3 single-valued QPF and Day 4-14 ensemble
precipitation hindcasts from climatology, input Day 1-14 ensemble precipitation hindcasts into

ESP to generate raw ESP ensembles, and
Experiment 4. Apply EnsPost to the raw ESP ensembles in Experiment 3.

By comparing the verification results between the ensembles forced by longer-lead and
short-lead QPFs, one may quantify the contribution of longer-lead QPF to skill in ESP and increase
in lead time. From the verification results of raw and post-processed streamflow forecasts, the
improvement in skill due to streamflow ensemble post-processing may be assessed. To quantify
the skill from each operation, verification was performed on precipitation, raw streamflow and

post-processed streamflow hindcasts using EVS.

3.2 Study Area and Dataset

The above hindcasting experiments were conducted for five headwater basins of the Upper
Trinity River: Big Sandy Creek near Bridgeport (BRPT2), Denton Creek near Justin (DCJT2), EIm
Fork of the Trinity River near Gainesville (GLLT2), West Fork of the Trinity River near Jacksboro
(JAKT2) and Clear Creek near Sanger (SGET2). Figure 3.2 and Table 3.1 show the locations and
characteristics of the basins, respectively. Improved streamflow prediction for headwater basins
improves prediction downstream. As such, skillful streamflow prediction for these basins is very
important for the Dallas-Fort Worth metropolitan area (DFW) for flood warning, water supply,
reservoir operations and water quality management. It is noted here that DFW is one of the
fastest growing urban areas in the U.S. and almost all of its water needs are met by surface water

sources [39].



Table 3.1. Basin ID

Characteristics BRPT2 | DCJT2 | GLLT2 | JAKT2 | SGET2
Latitude 33.23 33.12 33.62 33.29 33.34
Longitude -97.69 | -97.29 | -O7.15 | -98.08 | -O7.1R8
Area (km?) 862.47 | 1036.00 | 450.66 | 1769.00 | 764.05
Mean Elev. (m) 229 197 227 279 193
Action Stage (m) 3.35 2.74 6.10 5.49 7.01
Flood Stage (m) 3.65 3.05 6.71 6.10 7.62
Time to Peak (hours) 24 12 12 24 12
GLLT2
SGET2
DCJT2
DFW Area
\&«f\;‘ﬁ;
@
\/)\,‘/ \[}.,3
\ N {
s @:’A\
?
W

Figure 3.2. Map of Upper Trinity River Basin
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For our hindcasting study, the following data was used (the period of record is shown in

parentheses):

e Historical single-valued 6-hour QPF for 2004-2010 for 1 to 3 days into the future
operationally produced by the WGRFC,

e MAP for 1960 to 2010 produced by the WGRFC and

e Observed mean daily streamflow for 1960-2012 produced by the U.S. Geological Survey
(USGS) and provided by WGRFC.

Observed precipitation for each basin consists of the 6-hour observed MAP produced by
WGRFC using rain-gage observations in the earlier years and the Multisensor Precipitation
Estimator (MPE) estimates since mid-1990s. Precipitation observations are available at 0Z, 6Z,

127 and 187 from 1960 to 2010.

Based on the availability of historical single-valued QPF, precipitation hindcasts were
generated for the 7-year period of 2004-2010. It is possible that the period may not be
representative of the hydroclimatology of the study area over a longer period. Investigation of
long-term changes in hydroclimatology, however, was beyond the scope of this work. Each
ensemble hindcast consisted of 46 members with lead time of up to 14 days (336 hours in 6 hour
increments). Raw streamflow hindcasts were generated with CHPS using the precipitation
hindcasts from MEFP. As Texas does not have a significant snow season, SNOW-17 [38] and hence
temperature data was not used. The Sacramento Soil Moisture Accounting model (SAC-SMA,

[34]) was used for rainfall-runoff modeling and unit hydrograph was used for hydrologic routing.

CHAPTER 4
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RESULTS

This section presents the results from the end-to-end multi-year hindcasting using HEFS.
Ensemble precipitation and streamflow hindcasts generated for an approximately 7-year period

(2004-2010) are verified for all observed-forecast pairs.

Verification results of ensemble precipitation hindcasts generated from 1 and 1-3 Day RFC
QPFs via MEFP are compared. The ensemble hindcasts generated using MEFP are verified against
the observed MAP in daily amounts and the results are presented by forecast lead time and

magnitude of the precipitation amount.

4.1 Correlation Coefficient

In order to first compare the results in a single-valued forecast sense, the correlation
coefficient is used. Correlation Coefficients are calculated between the ensemble mean and
observation for both precipitation and streamflow. It is a measure of strength in linear

association between the forecasts and observations.

Figure 4.1 shows the correlation coefficient of Day 1 ensemble mean QPF and observed
precipitation as a function of lead time for BRPT2. As expected, the Day 1 EQPF shows significant
correlation for the first day but drops off to negligible levels after that. Each line represents a
different threshold of precipitation amount expressed as percentiles of observed precipitation in
the 7-yr period (50, 75, 90t and 95t percentiles). Figure 4.2 shows the correlation coefficient
of Day 1-3 ensemble mean QPF and observed precipitation plotted against lead time. Note the
increased correlation in Days 2 and 3. As noted, the objective of this study is to utilize this skill in
Days 2 and 3 to increase the quality and lead time of streamflow forecasts. For higher thresholds,
the sample size is rather small and, as such, significant sampling uncertainties exist in the
verification statistics. For the 90t and 95™ percentiles, the precipitation values are only 1.3843
and 3.6347 (mm) for BRPT2, 1.4986 and 3.6677 (mm) for DCJT2, 1.3157 and 4.1249 (mm) for
GLLT2, 1.3106 and 3.4366 (mm) for JAKT2 and 1.3817 and 3.7109 (mm) for SGET2, respectively.
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Correlation of the observations and ensemble average by forecast lead time.
BRPT2.Precipitation

Correlation coefficient
=
=

r 24 48 72 56 120 144 168 182 216 240 264 288 312 336
Forecast lead time (hours)

= All data e~ > 0.0 (Pr=0.5) > 0.00174 (Pr=0.75) > 0.0545 (Pr=0.9) = > 0.14307 (Pr=0.95)

Figure 4.1. Correlation of mean of Day 1 EQPF and observed precipitation for BRPT2

Correlation of the observations and ensemble average by forecast lead time.
BRPT2.Precipitation

Correlation coefficient
=
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r 24 48 72 56 120 144 168 182 216 240 264 288 312 336
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- All data e~ > 0.0 (Pr=0.5) > 0.00178 (Pr=0.75) > 0.0548 (Pr=0.9) = > 0.1432 {Pr=0.95)

Figure 4.2. Correlation of mean of Day 1-3 EQPF and observed precipitation for BRPT2
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For DCJT2, Figures 4.3 and 4.4 show the correlation coefficient of Day 1 as well as Day 1-3
ensemble mean QPF and observed precipitation respectively. The skill for the 95 percentile is
negligible for Day 1 but increases for longer lead times. This is a sampling artifact; the sample size

is very small (~100) and hence there exists large sampling uncertainty.

Correlation of the observations and ensemble average by forecast lead time.
DC)T2.Precipitation
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= All data = > 0.0 (Pr=0.5) > 0.00323 (Pr=0.75) > 0.05905 {Pr=0.9) = > 0.14447 (Pr=0.95)

Figure 4.3. Correlation of mean of Day 1 EQPF and observed precipitation for DCJT2
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Correlation of the observations and ensemble average by forecast lead time.
DCJT2.Precipitation

Correlation coefficient
=
=

24 48 72 56 120 144 168 182 216 240 264 288 312 336
Forecast lead time (hours)

= All data = > 0.0 (Pr=0.5) > 0.00325 (Pr=0.75) > 0.05955 (Pr=0.9) = > 0.14485 (Pr=0.95)
Figure 4.4. Correlation of mean of Day 1-3 EQPF and observed precipitation for DCJT2

Figures 4.5, 4.7 and 4.9 show the correlation coefficients of Day 1 ensemble mean QPF and
observed precipitation against lead time for GLLT2, JAKT2 and SGET2 respectively. Also, Figures
4.6, 4.8 and 4.10 show the correlation coefficients of Day 1-3 ensemble mean QPF and observed
precipitation for GLLT2, JAKT2 and SGET2 respectively. The correlation coefficients for these
basins follow a pattern similar to DCJT2’s. The skill for 95t percentile for GLLT2, JAKT2 and SGET2
is negligible for Day 1 and increases for longer lead times, which can be attributed to existence

of sampling uncertainty.
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Correlation of the observations and ensemble average by forecast lead time.
GLLT2.Precipitation
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Figure 4.5. Correlation of mean of Day 1 EQPF and observed precipitation for GLLT2

Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.6. Correlation of mean of Day 1-3 EQPF and observed precipitation for GLLT2
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Correlation of the observations and ensemble average by forecast lead time.
JAKT2.Precipitation
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Figure 4.7. Correlation of mean of Day 1 EQPF and observed precipitation for JAKT2

Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.8. Correlation of mean of Day 1-3 EQPF and observed precipitation for JAKT2
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Correlation of the observations and ensemble average by forecast lead time.
SGET2.Precipitation
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Figure 4.9. Correlation of mean of Day 1 EQPF and observed precipitation for SGET2

Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.10. Correlation of mean of Day 1-3 EQPF and observed precipitation for SGET2
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Figure 4.11 shows the correlation between the mean of raw ESP ensembles forced by Day 1 EQPF
and observed streamflow for BRPT2. The correlation decreases gradually after the first day, as
expected. Figure 4.12 shows the correlation between the mean of raw ESP ensembles forced by
Day 1-3 EQPF and observed streamflow. The large increase in correlation for Days 2 and 3
represents the marginal value in the ensemble mean sense of using Day 2-3 QPF in streamflow
forecasting. Figure 4.13 is the same as Figure 4.12, but for the post-processed streamflow
ensembles forced by Day 1 EQPF. Note that Figure 4.13 does not show any marked increase in
correlation over Figure 4.11. This may be due to the fact that correlation measures strength of
association only in the mean of the ensemble instead of the whole ensemble. Note that the
purpose of EnsPost is to improve reliability (i.e. probabilistic unbiasedness) of the ensembles,
rather than to increase correlation in the ensemble mean sense. Below, the ensemble verification
results are presented which assess the improvement in skill due to the use of post-processing by
examining reliability and discrimination. Figure 4.14 is the same as Figure 4.13 but for the post-
processed streamflow ensembles forced by Day 1-3 EQPF. Compared to Figure 4.13, Figure 4.14
shows an increase in correlation, which represents the value in the ensemble mean sense

afforded by the use of longer-lead QPF.
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Correlation of the observations and ensemble average by forecast lead time.
BRPT2.Streamflow with conditions on variable value.
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Figure 4.11. Corr. of mean of Day 1 EQPF-forced ESP ensembles and obs. flow (BRPT2)

Correlation of the observations and ensemble average by forecast lead time.
BRPT2.Streamflow with conditions on variable value.
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Figure 4.12. Corr. of mean of Day 1-3 EQPF-forced ESP ensembles and obs. flow (BRPT2)
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Correlation of the observations and ensemble average by forecast lead time.
BRPT2.Streamflow with conditions on variable value.
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Figure 4.13. Corr. of mean of Day 1 EQPF-forced PP’ed ensembles and obs. Flow (BRPT2)

Correlation of the observations and ensemble average by forecast lead time.
BRPT2.Streamflow with conditions on variable value.

Correlation coefficient
=
S

C 24 48 72 86 120 144 168 152 216 240 264 288 312 336
Farecast lead time (hours)

= All data &~ > 0.13409 (Pr=0.5) > 0.77286 (Pr=0.75) > 2.884 (Pr=0.9) = > 5.788 (Pr=0.95)

Figure 4.14. Corr. of mean of Day 1-3 EQPF-forced PP’ed ensembles and obs. Flow (BRPT2)
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DCJT2 follows a pattern similar to BRPT2, where the ESP ensembles forced by Day 1-3 EQPF show
higher correlation (Figure 4.16) for Days 2 and 3 compared to those forced by Day 1 EQPF (Figure
4.15). The post-processed ensembles forced by Day 1 EQPF (Figure 4.17) do not show higher
correlation compared to the corresponding raw ESP ensembles (Figure 4.15) (see the explanation
above for BRPT2). But comparison of the post-processed ensembles forced by Day 1 EQPF (Figure
4.17) and Day 1-3 EQPF (Figure 4.18) shows increase in correlation in the latter due to using

longer-lead QPF.

Correlation of the observations and ensemble average by forecast lead time.
DCJT2.Streamflow
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Figure 4.15. Corr. of mean of Day 1 EQPF-forced ESP ensembles and obs. Flow (DCIT2)
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Correlation of the observations and ensemble average by forecast lead time.
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Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.17. Corr. of mean of Day 1 EQPF-forced PP’ed ensembles and obs. Flow (DCJT2)
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Correlation of the observations and ensemble average by forecast lead time.
DCJT2.Streamflow
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Figure 4.18. Corr. of mean of Day 1-3 EQPF-forced PP’ed ensembles and obs. Flow (DCJT2)

GLLT2 results are similar to BRPT2 and DCJT2 as well. The Day 1-3 EQPF-forced ESP
ensembles (Figure 4.20) show higher correlation than the Day 1 EQPF-forced ESP ensembles
(Figure 4.19). Comparing the post-processed ensembles forced by the Day 1 QPF (Figure 4.21)
and those by the Day 1-3 QPF (Figure 4.22), one may see the increase in correlation due to the
use of longer-lead QPF in streamflow forecasting. Overall, the correlation in ensemble mean of
forecast streamflow for GLLT2 is slightly smaller than BRPT2 and DCJT2 in the first 1-3 days. This
reduced correlation for GLLT2 may be due to the smaller size of the basin; one may expect smaller
skill in QPF and shorter basin memory both of which contribute to reduced predictability in

streamflow.
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Correlation of the observations and ensemble average by forecast lead time.
GLLT2.Streamflow with conditions on variable value.
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Figure 4.19. Corr. of mean of Day 1 EQPF-forced ESP ensembles and obs. Flow (GLLT2)

Correlation of the observations and ensemble average by forecast lead time.
GLLT2.Streamflow with conditions on variable value.
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Figure 4.20. Corr. of mean of Day 1-3 EQPF-forced ESP ensembles and obs. Flow (GLLT2)
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Correlation of the observations and ensemble average by forecast lead time.
GLLT2.Streamflow
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Figure 4.21. Corr. of mean of Day 1 EQPF-forced PP’ed ensembles and obs. Flow (GLLT2)

Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.22. Corr. of mean of Day 1-3 EQPF-forced PP’ed ensembles and obs. Flow (GLLT2)

26



JAKT2 and SGET2 show decreased correlation compared to the other three basins while the
pattern remains the same. For JAKT2, Figures 4.23 and 4.24 show the correlation between the
observed flow and the ESP ensemble mean hindcasts forced by Day 1 and Day 1-3 EQPF
respectively. Figure 4.25 and 4.26 show the correlation coefficients of the mean of corresponding
post-processed ensembles and observed flow. Similarly for SGET2, Figures 4.27 and 4.28 show
the correlation coefficients of the mean of ESP ensembles forced by Day 1 and Day 1-3 EQPF
respectively. And Figures 4.29 and 4.30 show the correlation coefficients of the mean of the
corresponding post-processes ensembles. In all the basins, one may see increased correlation for

Days 2 and 3 due to the use of longer-lead QPF and EnsPost.

Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.23. Corr. of mean of Day 1 EQPF-forced ESP ensembles and obs. Flow (JAKT2)
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Correlation of the observations and ensemble average by forecast lead time.
JAKT2.Streamflow with conditions on variable value.
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Figure 4.24. Corr. of mean of Day 1-3 EQPF-forced ESP ensembles and obs. Flow (JAKT2)

Correlation of the observations and ensemble average by forecast lead time.
JAKT2.Streamflow with conditions on variable value.
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Figure 4.25. Corr. of mean of Day 1 EQPF-forced PP’ed ensembles and obs. Flow (JAKT2)
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Correlation of the observations and ensemble average by forecast lead time.
JAKT2.Streamflow with conditions on variable value.
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Figure 4.26. Corr. of mean of Day 1-3 EQPF-forced PP’ed ensembles and obs. Flow (JAKT2)

Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.27. Corr. of mean of Day 1 EQPF-forced ESP ensembles and obs. Flow (SGET2)
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Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.28. Corr. of mean of Day 1-3 EQPF-forced ESP ensembles and obs. Flow (SGET2)

Correlation of the observations and ensemble average by forecast lead time.
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Figure 4.29. Corr. of mean of Day 1 EQPF-forced PP’ed ensembles and obs. Flow (SGET2)
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Correlation of the observations and ensemble average by forecast lead time.
SGET2.Streamflow with conditions on variable value.
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Figure 4.30. Corr. of mean of Day 1-3 EQPF-forced PP’ed ensembles and obs. Flow (SGET2)

Single-value verification metrics such as correlation coefficient measures skill in the single-
valued sense only. To assess the skill in the ensemble sense, ensemble verification is necessary
([5]1, [8]). Different ensemble verification measures evaluate different attributes such as
reliability, resolution, discrimination and sharpness. The verification tool used in this work, EVS,
includes many verification measures ([5], [33]). Of them, only the reliability and relative operating
characteristic (ROC) results are presented below as they are complementary measures that

assess disparate attributes.

4.2. Reliability Diagram

Probabilistic forecasts that are unbiased against the frequency of the verifying observations
are termed reliable. This probabilistic unbiasedness of forecasts is a requisite for risk-based
decision making. Reliability diagram, which plots forecast probability against the frequency of
verifying observations, can detect conditional biases in probability in ensemble forecasts based
on the deviation of the reliability curves from the diagonal, which represents perfect reliability.

The reliability curve is a representation of the bivariate distribution between the forecast and the
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observed conditioned on the forecast whereas ROC is that conditioned on the observation. As

such, reliability diagram and ROC are independent attributes and insensitive to each other.

Figures 4.31 and 4.32 show the reliability diagrams for Day 1 and Day 1-3 EQPF for BRPT2.
Figures 4.32, 4.33 and 4.34 show the reliability diagrams for Days 1 through 3, respectively.
Figures 4.35, 4.36, 4.37 and 4.38 show the reliability diagrams of ESP ensembles at increasing
lead times forced by Day 1 and Day 1-3 EQPF. Note in these figures the lack of reliability in raw
ESP ensembles. That the forcing precipitation ensembles are reasonably reliable, but the ESP
ensembles are not, is an indication that a large hydrologic uncertainty exists. Figures 4.39, 4.40,
4.41 and 4.42 show the corresponding post-processed ensembles forced by Day 1 and Day 1-3
EQPF. Note that post-processing greatly improves reliability of these forecasts, an indication that
EnsPost is largely successful in modeling hydrologic uncertainty for this basin. For comprehensive
results, we present below only those for BRPT2. Generally speaking, the results for the other
basins are qualitatively similar. There are, however, notable differences, in particular, with JAKT2

and SGET2 due to reduced quality in hydrologic simulation which are described below as well.
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Figure 4.31. Reliability Diagram of Day 1 EQPF at Day 1 for BRPT2
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Figure 4.32. Reliability Diagram of Day 1-3 EQPF at Day 1 for BRPT2
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Reliability diagram for various event thresholds (uppen and sample counts (owen.
BRPT2.Precipitation at lead hour 48.0
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Figure 4.33. Reliability Diagram of Day 1-3 EQPF at Day 2 for BRPT2
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Figure 4.34. Reliability Diagram of Day 1-3 EQPF at Day 3 for BRPT2
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Reliability diagram for various event thresholds (uppen and sample counts (owen.
BRPT2.Streamflow at lead hour 12.0 with conditions on variable value.
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Figure 4.35. Reliability Diagram of Day 1 EQPF-forced ESP ensembles at Day 1 for BRPT2
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Figure 4.36. Reliability Diagram of Day 1-3 EQPF-forced ESP ensembles at Day 1 for BRPT2
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Reliability diagram for various event thresholds (uppen and sample counts (owen.
BRPT2.Streamflow at lead hour 36.0 with conditions on variable value.
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Figure 4.37. Reliability Diagram of Day 1-3 EQPF-forced ESP ensembles at Day 2 for BRPT2

Reliability diagram for various event thresholds (uppen and sample counts (owen.
BRPT2.Streamflow at lead hour 60.0 with conditions on variable value.
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Figure 4.38. Reliability Diagram of Day 1-3 EQPF-forced ESP ensembles at Day 3 for BRPT2
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Reliability diagram for various event thresholds (uppen and sample counts (owen.
BRPT2.Streamflow at lead hour 12.0 with conditions on variable value.
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Figure 4.39. Reliability Diagram of Day 1 EQPF-forced PP'ed ensembles at Day 1 for BRPT2

Reliability diagram for various event thresholds (uppen and sample counts (owen.
BRPT2.Streamflow at lead hour 12.0 with conditions on variable value.
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Figure 4.40. Reliability Diagram of Day 1-3 EQPF-forced PP'ed ensembles at Day 1 for BRPT2
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Reliability diagram for various event thresholds (uppen and sample counts (owen.
BRPT2.Streamflow at lead hour 36.0 with conditions on variable value.
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Figure 4.41. Reliability Diagram of Day 1-3 EQPF-forced PP'ed ensembles at Day 2 for BRPT2

Reliability diagram for various event thresholds (uppen and sample counts (owen.
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Figure 4.42. Reliability Diagram of Day 1-3 EQPF-forced PP'ed ensembles at Day 3 for BRPT2
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4.3 Relative Operating Characteristics (ROC) and ROC Score

ROC measures the ability of a forecast to distinguish between an event and a non-event
where an event is defined by the user. The ROC curve plots the Probability of Detection (POD)
against the false alarm rate (FAR) at different levels of exceedance probability [17]. The area
between the ROC curve and the diagonal line is referred to as the ROC area. The diagonal line
(e.g. ROC of climatological forecasts) represents no skill. A perfect forecast would produce an
ROC area made of the upper triangle. ROC score is defined as the ROC area multiplied by two.
Note that forecasts with perfect and no discriminatory skill would yield a ROC score of unity and

zero, respectively.

Figures 4.43 and 4.44 show the ROC scores of Day 1 and Day 1-3 EQPFs for BRPT2,
respectively. In Figure 4.43, the ROC score drops to a negligible level after the first day as
expected. ROC scores of Day 1-3 EQPF are significant for Days 2 and 3. As noted above, the
objective of this work is to utilize this skill in Days 2 and 3 ensemble precipitation forecasts to
produce more skillful streamflow forecasts. Figures 4.45 and 4.46 represent the ROC score of the
ESP ensembles forced by the Day 1 and Day 1-3 EQPF, respectively. In both the cases, the ROC
scores for the highest thresholds (90" and 95™ percentiles) are smaller than those for the 50t
and 75 percentiles in the first few days. This is due to reduced predictability in higher flows.
Comparing the ESP ensembles forced by Day 1-3 EQPF to those by Day 1 EQPF, one may see an
increased ROC score in Days 2 and 3 for all thresholds. This shows the marginal improvement in
skill in Days 2 and 3 streamflow ensembles due to the use of longer-lead QPF. Figures 4.47 and
4.48 show the ROC score for post-processed ESP ensembles forced by Day 1 and Day 1-3 EQPF,
respectively. Note that, for low thresholds, post-processing greatly increases the ROC score. For
higher thresholds, however, the gain in ROC score is significantly smaller due to the limited
predictability in high flow conditions. Comparing Figure 4.48 to Figure 4.47, one may see the

improvement in ROC score due to longer-lead EQPF.
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Figure 4.43. ROC Score of Day 1 EQPF for BRPT2
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Figure 4.44. ROC Score of Day 1-3 EQPF for BRPT2
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Figure 4.45. ROC Score of Day 1 EQPF-forced ESP ensembles for BRPT2
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Figure 4.46. ROC Score of Day 1-3 EQPF-forced ESP ensembles for BRPT2
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ROC Score against forecast lead time for different event probability thesholds.
BRPT2.Streamflow with conditions on variable value. (reference forecast: Sample climatology)
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Figure 4.47. ROC Score of Day 1 EQPF-forced PP'ed ensembles for BRPT2
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Figure 4.48. ROC Score of Day 1-3 EQPF-forced PP'ed ensembles for BRPT2
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In order to compare the improvement (or lack thereof) in the ROC score due to longer-lead
QPF and ensemble post-processing more easily, the ROC scores are plotted corresponding to the
Hindcasting Experiments 1 through 4 , 1) Day 1 QPF-forced ESP ensembles, 2) Day 1 QPF-forced
post-processed ensembles, 3) Day 1-3 QPF-forced ESP ensembles and 4) Day 1-3 QPF-forced post-
processed ensembles, for each of the four thresholds (50™, 75, 90, and 95% percentiles).
Figures 4.49-4.52,4.53-4.56,4.57-4.60, 4.61-4.64 and 4.65-4.68 show the ROC scores at 50", 75,
90t and 95 percentile thresholds for BRPT2, DCJT2, GLLT2, JAKT2 and SGET2, respectively. For
BRPT2, DCJT2 and GLLT2, the improvement in ROC score due to longer-lead QPF and ensemble
post-processing is significant. Note that the ROC scores of post-processed ensembles (forced by
either Day 1 or Day 1-3 EQPF) decrease as the threshold increases. This is due to reduced
predictability in high flow conditions. The increase in ROC scores due to post-processing is most
significant at the 50% threshold and the increase becomes less significant as the threshold
increases, a reflection of decreasing predictability as the magnitude of flow increases. From these
scores, one may see the generally positive effects of post-processing in ensemble streamflow
forecasting. Compared to ESP ensembles forced by Day 1 EQPF, one may see the increased skill
in ESP ensembles forced by Day 1-3 EQPF due to longer-lead QPF. The improvement in skill due
to post-processing is nominal for JAKT2 and SGET2, whether forced by Day 1 or Day 1-3 QPF. It is
suspected that the reduced performance by EnsPost is due to the fact that, currently, EnsPost
cannot effectively deal with ephemeral basins for which no streamflow may occur at certain
times of the year, and that the quality of hydrologic simulation is generally low. Additional
investigation is necessary, however, for quantitative assessment of them. The fraction of the
hindcast period for which there was no flow is about 36% for BRPT2, 26% for DCJT2, 13% for
GLLT2, 45% for JAKT2 and 23% for SGET2.
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Figure 4.49. ROC Scores at 50% Threshold (BRPT2)

02 03 04 05 06 07 08 09 1.0

0.0 041

-0.2

ROC Score for 75% threshold (BRPT2)

Post-proc'd (Day1-3 EQFF)
Post-proc'd (Day 1 EQPF
ESP (Day1-3 EQPF)
ESP({Day1 EQPF)

Pite

T T T T T T T T T T T T T

1 2 3 4 5 6 7 8 9 10 11 12 13 14

Forecast Lead Time (Days)

Figure 4.50. ROC Scores at 75% Threshold (BRPT2)
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Figure 4.51. ROC Scores at 90% Threshold (BRPT2)
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Figure 4.52. ROC Scores at 95% Threshold (BRPT2)
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Figure 4.53. ROC Scores at 50% Threshold (DCJT2)
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Figure 4.54. ROC Scores at 75% Threshold (DCJT2)
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Figure 4.55. ROC Scores at 90% Threshold (DCJT2)
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Figure 4.56. ROC Scores at 95% Threshold (DCJT2)
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Figure 4.57. ROC Scores at 50% Threshold (GLLT2)
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Figure 4.58. ROC Scores at 75% Threshold (GLLT2)
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Figure 4.59. ROC Scores at 90% Threshold (GLLT2)
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Figure 4.60. ROC Scores at 95% Threshold (GLLT2)
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Figure 4.61. ROC Scores at 50% Threshold (JAKT2)
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Figure 4.62. ROC Scores at 75% Threshold (JAKT2)
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Figure 4.63. ROC Scores at 75% Threshold (JAKT2)
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Figure 4.64. ROC Scores at 95% Threshold (JAKT2)
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Figure 4.65. ROC Scores at 50% Threshold (SGET2)
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Figure 4.66. ROC Scores at 75% Threshold (SGET2)
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Figure 4.67. ROC Scores at 90% Threshold (SGET2)
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Figure 4.68. ROC Scores at 95% Threshold (SGET2)
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4.4 Analysis of ROC according to acceptable FAR

To relate increase in ROC scores to improvement in forecast quality in a single-valued
sense, the ROC results shown above are expressed as changes in POD according to specific levels
of FAR. Some decision makers may prefer a lower FAR at the expense of a lower POD. Others may
prefer a higher POD even if it may increase FAR. An FAR of 1 (%) denotes an extreme aversion to
false alarms while an FAR of 50 (%) denotes an extreme tolerance to false alarms. A positive bar
denotes an increase in POD by the addition of Day 2-3 QPF and/or EnsPost. Figures 4.69 through
4.73 show the increase in POD corresponding to the FAR levels of 1, 5, 10, 20 and 50 (%),
respectively. They show the increase in POD in Day 1-3 EQPF-forced ESP over Day 1 EQPF-forced
ESP for all five basins. The addition of Day 2-3 QPF does not lead to an increase in POD over Day
1 EQPF-forced ESP ensembles, for Day 1 for all basins. The greatest gains in POD are seen for Days
3-5. These results are subject to sampling uncertainties and may change as sample size increases,
but it can be clearly seen that there is an increase in POD in ESP forecasts due to usage of Day 2-

3 QPF.

Now, the acceptable FAR is fixed at 5 (%) and increase in POD due to usage of EnsPost is
examined. Figure 4.74 shows the increase in POD due to the addition of Day 2-3 QPF and EnsPost.
Compared with Figure 4.70, which shows the increase in POD due to the addition of Day 2-3 QPF,
a substantial increase in POD due to usage of Day 2-3 QPF and EnsPost can be seen. Figures 4.75
and 4.76 as well as Figures 4.77 and 4.78 are the same figures as Figures 4.70 and 4.74, but for
the 90™ and 75™ threshold flow, respectively. Note that as the threshold flow decreases, the
impact of Day 2-3 QPF decreases and that of EnsPost increases; this is because hydrologic
uncertainty is dominant over input uncertainty in low flow conditions and is much more easily

corrected than in high flow conditions owing to persistence
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Figure 4.69. Increase in POD in ESP forecast due to Day 2-3 QPF at FAR 1%
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Figure 4.70. Increase in POD in ESP forecast due to Day 2-3 QPF at FAR 5%
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Figure 4.71. Increase in POD in ESP forecast due to Day 2-3 QPF at FAR 10%
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Figure 4.72. Increase in POD in ESP forecast due to Day 2-3 QPF at FAR 20%
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Figure 4.73. Increase in POD in ESP forecast due to Day 2-3 QPF at FAR 50%

Tolerable FAR = 5 (%)

n
o
Day 1-3 QPF-forced ESP w/ EnsPost over ; g‘;{j’g
Day 1 QPF-forced ESP = GLLT2
< = ) B JAKT2
3 Threshold flow = 95th percentile = SGET2
8 o . |
o o
=
&
é e
; =il
LT J[l L] J
Day 1 ay 2 ay3 Day4 Day$s Lye Ly?

LEAD TIME

Figure 4.74. Increase in POD due to Day 2-3 QPF and EnsPost at FAR 5% and 95% threshold
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Figure 4.75. Increase in POD due to Day 2-3 QPF at FAR 5% and 90% threshold
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Figure 4.76. Increase in POD due to Day 2-3 QPF and EnsPost at FAR 5% and 90% threshold
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Figure 4.77. Increase in POD due to Day 2-3 QPF at FAR 5% and 75% threshold
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Figure 4.78. Increase in POD due to Day 2-3 QPF and EnsPost at FAR 5% and 75%Threshold
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CHAPTER 5

CONCLUSIONS AND FUTURE RESEARCH RECOMMENDATIONS

The objective of this study was to assess the improvement in skill in short-range ensemble
streamflow forecasting due to the use of longer-lead quantitative precipitation forecasts (QPF)
and ensemble post-processing. For the study, a series of hindcasting experiments were
conducted using the Hydrologic Ensemble Forecast Service (HEFS) following Demargne et al.
(2010, 2013) ([14], [10]). Ensemble forecasts of precipitation and streamflow were generated
using HEFS for a 7 year period between 2004 and 2010. The precipitation, raw and post-processed
streamflow ensembles were verified using the Ensemble Verification System (EVS) to assess the
quality of hindcasts. The study area consisted of five headwater basins in the Upper Trinity River
Basin in Texas. These study basins offer a tough test for HEFS, both hydrometeorologically and
hydrologically. Precipitation is dominated by convection which has very limited predictability.
The basins are flashy with fast-rising streamflow when they respond to rainfall but also with

periods of no streamflow.

The Meteorological Ensemble Forecast Processor (MEFP) was used to generate ensemble
precipitation hindcasts from the single-valued QPF produced by WGRFC for 1 to 3 days of lead
time and climatology for 4 to 14 days of lead time. The precipitation hindcasts are ingested into
a suite of hydrologic models to produce raw streamflow forecasts. For all basins, the streamflow
hindcasts were generated via the Community Hydrologic Prediction System (CHPS) using the
Sacramento Soil Moisture Accounting model (SAC-SMA) and unit hydrograph (UNIT HG). The raw
streamflow ensembles produced from CHPS accounts only for input uncertainty and may be
biased in their mean and spread. The raw streamflow ensembles are post-processed by the
Ensemble Postprocessor (EnsPost) to produce streamflow ensembles that account for bias and
uncertainty in the hydrologic models. The precipitation and streamflow ensembles were verified

using the Ensemble Verification System (EVS).

The main findings from this work are as follows.
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. The ensemble QPFs from single-valued QPFs generated by the Meteorological Ensemble
Forecast Processor (MEFP) are generally skillful and reliable as have been found in previous
studies [12].

Compared to using Day 1 QPF only, using Day 1-3 single-valued QPF via HEFS significantly
increases the skill in short-range ESP forecasts. The Relative Operating Characteristic (ROC)
results indicate that the addition of Day 2-3 QPF increase the probability of detection (POD)
of 95™ percentile flow by about 10 percent for Day 3-4 streamflow prediction and extends
the lead time by about a day.

Post-processing of ESP ensembles via EnsPost generally improves discrimination and
reliability of the raw ESP ensembles. For high flow thresholds, the addition of Day 2-3 QPF is
more important than post-processing as the input uncertainty is more dominant. For low
flow thresholds, however, the opposite holds true as the hydrologic uncertainty is dominant.
. To the best of the author’s knowledge, this is the first time that HEFS has been successfully
used to produce ensemble hindcasts outside of NWS, thus demonstrating portability of the

software.
The main recommendations for future research are as follows:

Extend the study to a large number of basins for large-sample verification, especially for large
events.

Carry out similar hindcasting and verification experiments using the Global Ensemble
Forecasting System (GEFS) reforecast dataset. This is expected to further extend the lead time
of ensemble streamflow forecasts.

Improve EnsPost to handle ephemeral basins.

Develop and implement the parametric uncertainty processor and the ensemble data
assimilator (DA). Due to the factors contributing to nonstationarity in the streamflow
processes such as urbanization and possibly climate change, purely statistical techniques for
modeling and reducing hydrologic uncertainty are of limited applicability. Modeling and
reducing parametric and initial condition uncertainties are necessary to whiten the residual
uncertainty as much as possible and hence to allow uncertainty modeling under

nonstationarity.
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