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Abstract. Integration of seasonal precipitation forecasts into Goddard et al., 2003). Their principle goal is to reduce
water resources operations and planning is practically nonexelimate-related risks, providing advance information to po-
istent, even in regions of scarcity. This is often attributabletentially improve decision-making and increase societal ben-
to water manager’s tendency to act in a risk averse mannegfits, especially over the long term. Currently, however, there
preferring to avoid consequences of poor forecasts, at thexists little evidence of direct forecast use in operations, es-
expense of unrealized benefits. Convincing demonstrationpecially in water resources management, even in regions of
of forecast value are therefore desirable to support assimiscarcity. This is often ascribed to water managers tendency
lation into practice. A dynamically linked system, includ- to act in a risk averse manner, “poor” forecast skill or scale,
ing forecast, rainfall-runoff, and hydropower models, is ap- difficulty in integrating forecasts into existing decision sup-
plied to the upper Blue Nile basin in Ethiopia to compare port systems, lack of focus on specific user needs, anticipated
benefits and reliability generated by actual forecasts againsthifts in the water sector, management and political disincen-
a climatology-based approach, commonly practiced in mostives, individual and institutional inflexibility, behavioral ef-
water resources systems. Processing one hundred decadatts, and informational constraints (Pulwarty and Redmond,
sequences demonstrates superior forecast-based benefits1ifi97; Hamlet et al., 2002; Ritchie et al., 2004; Rayner et al.,
68 cases, a respectable advancement, however benefits in2@05; Broad et al., 2007; Johnston et al., 2007; Lemos, 2008;
few forecast-based sequences are noticeably low, likely tdMiliner, 2009; Ziervogel et al., 2010).

dissuade manager’s adoption. A hydropower sensitivity test The abundance of research and literature over the past
reveals a propensity toward poor-decision making when fore-decade identifying challenges and impediments should act
casts over-predict wet conditions. Tailoring the precipita- as a stimulus for case studies evaluating potential economic
tion forecast to highlight critical dry forecasts minimizes this benefits and improved reliability through forecast inclusion.
inclination, resulting in 97% of the sequences favoring theThese two determinants are powerful motivators for wa-
forecast-based approach. Considering managerial risk preter resources managers and policy makers, and forecast-
erences for the system, even risk-averse actions, if couplethduced positive outcomes may provide incentive to address
with forecasts, exhibit superior benefits and reliability com- other barriers. Previous research studies have advocated for
pared with risk-taking tendencies conditioned on climatol- demonstrations of such effective forecast use (e.g. Pagano et
ogy. al., 2001). Minimal applications within the water resources
community, however, seek to quantify the actual monetary
and reliability gains or losses of including a forecast in com-
parison to commonly accepted climatology-based operations
(i.e. based on average climate conditions), and most of those

. . . examples refer only to perfect forecasts, excepting a few
Seasonal climate forecasting capabilities continue to ad, b ytop Ping

vance, attributable predominantly to enhanced observations(e'g' vehetal,, 1982; Kim and Palmer, 1997; Yao and Geor-
" P y . ."gakakos, 2001; Hamlet et al., 2002; Chiew et al., 2003; Mau-
computing power, better physical understanding of the cli-

mate system, and experience (Barnston et al., 1994 200§er and Lettenmaier, 2004; Axel an@@n, 2007; Sankara-
Y ' P " ' Subramanian et al., 2009). An absence in forecast adoption is

unmistakable (Rayner et al., 2005), and further exaggerated
@ @ Correspondence td®. Block in developing countries with limited hydrologic observations
= (pblock@iri.columbia.edu) (Patt et al., 2007; Ziervogel et al., 2010).
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This motivates the current research to demonstrate the im<gypan 7 o 21 Y i
proved economic value and reliability resulting from a flex- X o ERITREA |
! . 1 Hadani Qagarit = L
ible seasonal climate forecast — hydropower modeling sys-""(, " \

tem, given biophysical, policy, and economic constraints, by *,
mitigating losses and capitalizing on opportune conditions
(Hellmuth et al., 2007). Forecasts, coupled with flexible op-
erating rules, may lead to optimal or more efficient reservoir
management of storage and release volumes based on e;
pected probabilistic future conditions (Karamouz and Vasil-
iadis, 1992; Faber and Stedinger, 2001). Gaining an under-=
standing of expectations from a realistic, imperfect forecast
imbedded in a dynamic operational system could prove en—ig\m
ticing for water managers to adopt forecast inclusion, or jus-
tification for rejecting. Appreciating benefits and reliability
in a context of climate variability begins to address a num- #
ber of the aforementioned impediments (summarized well in .
Ziervogel et al., 2010). réei
This paper commences with a description of the applica- = ™
tion site, the Blue Nile basin in Ethiopia’s highlands, fol- %
lowed by an outline of the linked forecast-hydropower mod-
eling system. The economic value and reliability producedFig- 1. The upper Blue Nile basin, Ethiopia, including proposed
from the seasonal climate forecast driven system are theff"9e-scale hydropower dams. Base map courtesy of the Perry-
compared with a non-forecast approach, ending with a dis<ast@eda Library map collection, University of Texas.
cussion and conclusion.

Aaminisirative
‘Boundary, e

streamflow record of sufficient length; monthly averages are
2 Description of application site illustrated in Fig. 2.
The climate in the Blue Nile River basin varies between
Ethiopia possess abundant water resources and hydropow#s inception in the wet, moderate highlands of Ethiopia and
potential, second only to the Democratic Republic of Congoits confluence with the White Nile River in a drier, warmer
in all of Africa, yet only two percent of this potential has region. Monthly precipitation records indicate a summer
been developed (World Energy Council, 2007). Currently, monsoon season, with highest totals in the June—September
83% of Ethiopia’s population lacks access to electricity, with months (Block and Rajagopalan, 2007); seasonal precipita-
94% still relying on fuel wood for daily cooking and heating tion averages in excess of 1000 mm in the highlands but only
(Tegenu, 2006). The Ethiopian government is therefore pur500 mm near the Sudan border (Shahin, 1985; Sutcliffe and
suing ambitious plans and programs to develop hydropoweParks, 1999), with significant interannual variability through-
in an effort to substantially reduce poverty and create anout as illustrated in Fig. 3a (solid line). Near the border, rains
atmosphere for social change. It has been shown that aduring this season account for nearly 90% of total annual pre-
cess to electricity, including rural electrification, is a key to cipitation, while in the highlands, approximately 75% of the
poverty reduction in Ethiopia (MoFED, 2006). Implemen- annual precipitation falls during the monsoon season. The
tation, however, is not trivial, especially due to the large fi- El Nifio — Southern Oscillation (ENSO) phenomenon is a
nancing and investment challenges, as well as required instimain driver of the interannual variability in seasonal precip-
tutional capacity. itation in the basin, with El Nio (La Nifia) events gener-
The Blue Nile headwaters emanate at the outlet of Lakeally producing drier (wetter) than normal conditions (Block
Tana in the Ethiopian highlands, and are joined by many im-and Rajagopalan, 2007). Evaporation in the basin varies
portant tributaries, draining 180000 Rrin the central and  inversely with precipitation, favoring lesser annual rates in
southwestern Ethiopian highlands (Steenhuis et al., 2009) bghe highlands £1150 mm) compared with excessive rates
coming a mighty river long before it reaches the lowlands (~2500 mm) near the Sudan-Ethiopia border (Shahin, 1985;
and crosses into Sudan (Fig. 1). It stretches nearly 850 knSutcliffe and Parks, 1999).
between Lake Tana and the Sudan-Ethiopia border, with a In 1964, the United States Bureau of Reclamation
fall of 1300 m; the grades are steeper in the plateau region(lUSBR), upon invitation from the Ethiopian govern-
and flatter along the low lands. Very few stream gauges exment, performed a thorough investigation and study of the
ist along the Blue Nile River within Ethiopia, and those that hydrology of the upper Blue Nile basin. Included in the
do tend to have spotty or limited records, and are often nolUSBR’s study was an optimistic list of potential projects
publicly available. Roseires dam in Sudan presents the firstvithin Ethiopia, including preliminary designs of dams for
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Fig. 2. Mean monthly streamflow at Roseires, Sudan, 1961-1990Fig. 3. Local polynomial June—September precipitation forecast
Same as Fig. 1 in Block and Strzepek (2010). modeling approach resultga) Observed and cross-validated es-
timates with horizontal lines at percentiles from the observed sea-
sonal precipitation(b) Box plots of cross-validated ensembles with
irrigation and hydroelectric power along the main Blue Nile horizontal lines at percentiles from the observed seasonal precipita-
stem. The four major hydroelectric dams along the Bluetion. Observed data shown as solid line; cross-validated model esti-
Nile, as proposed by the USBR, are presented in Fig. 1_mates shown as dashed ling&) and boxes irfb). Same as Fig. 11
Operating in series, these four dams could impound a total of" Block and Rajagopalan (2007).
73 billion cubic meters, which is equivalent to approximately
1.5 times the average annual runoff in the basin. The tota
installed capacity at design head would be 5570 megawatt
(MW) of power, about 2.5 times the potential of the Aswan
High Dam in Egypt, and capable of providing electricity to

millions of homes. This would be an impressive upgrade .. . " . : )
over the existing 529 MW of hydroelectric power within optimization (Fig. 4). The forecast model (Block and Ra

Ethiopia as of 2001 (Thomson Gale, 2006). Initial con- jagopalan, 2007) predicts total seasonal (June—September)

X - recipitation over the Blue Nile basin. One-season lead
struction costs range from $1.8-$2.2 billion per dam; annualp P

costs (operation and maintenance, scheduled replaceme Ejlarch—May) predictors include sea level pressures, sea
> (Op o ) ' pia urface temperatures, geopotential height, air temperature,
and insurance) begin in the first year post-construction an

range from $12.5-$17.9 million (Bureau of Reclamation and the Palmer Drought Severity Index (PDSI), identified

1964). While none of these dams have actually been ConEhrough correlation mapping with seasonal precipitation (e.g.

structed, chiefly due to financial constraints, the Ethiopiansmghratma etal, 2005; Grantz etal,, 2005). The correlation
Governr’nent still has intentions for their fuII’deveIo ment patterns in sea surface temperatures and sea level pressures

. P " resemble ENSO features, yet are more skillful than com-
For demonstration purposes, however, the dams are assum bn ENSO indices (Block and Rajagopalan, 2007). The
online and_functlonal_, which is a_nglog_ou_s to an Oper‘.”liuonal'remaining three predictors capture regional characteristics,
level planning study, ideally providing insight into additional

o : . with PDSI acting as a soil moisture surrogate.
expected benefits with forecast inclusion. .
A nonparametric forecast model based on local polyno-

mial regression (Loader, 1999) is adopted to address var-
3 Linked modeling system ious shortcomings common with linear regression, includ-

ing artificially high skill scores stemming from limited data
To evaluate the expected benefits of forecast inclusion, ifength and multicollinearity among predictors, regression co-
comparison to climatology-based operations, a linked modelefficients being greatly influenced by a small number of out-
ing system approach is adopted. This allows processing antiers, often leading to a poor fit, and the inability to cap-
transformation of th&iremt (June—September) monthly pre- ture nonlinear relationships. In the nonparametric approach,
cipitation into streamflow for hydropower optimization along estimation of the model function is performed “locally” at
the Blue Nile River. The framework is structured by linking the point to be estimated; therefore no global mathematical
previously developed, independent models. relationship between predictors and seasonal precipitation

é.l Structure and components

Three major modeling components are required: precipita-
tion forecast, rainfall-runoff, and hydropower/water systems
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Fig. 4. The linked modeling system with a monthly time-step. JJAS = June—September, SF = streamflow.

exists. This “local” estimation provides the ability to cap- points throughout the basin by aggregating runoff from up-
ture features (i.e. nonlinearities) that might be present lo-stream grid cells, as determined with digital elevation maps.
cally, without granting outliers any undue influence in the  Given the minimal availability of relevant hydrology data
overall fit. Optimal model parameters and predictors (thewithin the basin, rainfall-runoff model calibration and vali-
five previously mentioned) are selected via the generalizediation is contingent on a long streamflow record at the Ro-
cross validation score function (Craven and Wahba, 1979)seires dam, just over the border in Sudan. Inflow into po-
A detailed implementation algorithm is available in Block tential reservoirs is inferred; no validation at these points is
and Rajagopalan (2007). possible. Clearly, additional data collection and sampling for
Unique forecast distributions for each year are created bymproved rainfall-runoff modeling would be necessary prior
adding normal random deviates (mean zero and standard dée final design of the dams and reservoirs.
viation of the global predictive error) to the forecasted pre- The hydropower/reservoir model selected is IMPEND, the
cipitation value (Helsel and Hirsch, 1995). These normal dis-Investment Model for Planning Ethiopian Nile Development
tributions represent the inherent uncertainty of the forecas{Block and Strzepek, 2010). Itis classified as a planning tool
prediction coming from the statistical model. Figure 3 illus- with operational-level detail to help define feasibility and ex-
trates the observed and modeled time-series for 1961-200@ectations of project choice. IMPEND is a deterministic wa-
forecast distributions are represented as box plots in Fig. 3hter resources system model requiring a single input file of
Median values from the forecast distributions demonstratemonthly streamflow and net evaporation at the four proposed
a correlation coefficient of 0.69 with observations; a rank Ethiopian dam locations and at the existing Roseires dam in
probability skill score of 0.39, using the full distribution, is a southeastern Sudan (all in series). The model thus encom-
marked improvement over climatology alone. Seasonal prepasses the Blue Nile River from its inception at Lake Tana
cipitation forecasts are disaggregated into monthly forecast$o the Roseires dam, just beyond the Sudan-Ethiopian bor-
through a proportion vector calibrated on observed data.  der. The current version values hydropower at 8-cents per
The rainfall-runoff model employed is a derivative of the kilowatt-hour; reservoir head represents the decision variable
Watbal model (Yates, 1996; Yates and Strzepek, 1998)and net present benefits constitutes the objective value.
specifically calibrated to the Blue Nile basin. It is a semi- When linked with the forecast and rainfall-runoff models,
distributed, average-monthly model, with lumped soil and IMPEND is analogous to an implicit stochastic optimization
vegetation type and distributed climatic inputs, applied toprocess, with two notable exceptions (Loucks et al., 1981,
gridded data (05x 0.5° for this study). The model sim- Draper, 2001). First, model foresight is limited to 12 months
ulates changes in soil moisture and runoff, and is essen¢not the full time-sequence of analysis), and second, that
tially an accounting scheme based on a conceptualized, onderesight is imperfect when based on forecasts or climatol-
dimensional bucket that lumps both the root and upper soilogy (see Sect. 3.3). The model maximizes hydropower ben-
layer. The model comprises two elements: the first is a wa-<€fits given the hydrologic state variables, including the ex-
ter balance component that describes water movement intesting reservoir storage volume and limited foresight inflow
and out of a conceptualized basin; the second is the calculdorecast. Specific model equations and details are provided
tion of potential evapotranspiration, which is computed us-in Block and Strzepek (2010).
ing the FAO Penman-Monteith approach (FAO, 1998). The A key attribute of the model is its ability to accept monthly
water balance component of the model comprises three panput data varying from year to year, which is critical for
rameters: surface runoff, sub-surface runoff, and maximunyproper performance assessment. Analysis based solely on
catchment water-holding capacity. The simplified represen-a climatological perspective may well misjudge long-term
tation of soil moisture dynamics has been shown to adeproject benefits (Block et al., 2008). IMPEND is also ca-
quately represent runoff changes due to climate fluctuationpable of assessment over various interest (or discount) rates;
(Yates, 1996; Yates and Strzepek, 1998). A final modulefor the purposes of this study, this rate has been restricted to
translates runoff into Blue Nile River streamflow for critical 10%. This social rate of discounting has been used by others
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(e.g. Jabbar et al., 2000) and falls within the range of discountire publicly available through numerous sources, including
rates experienced by Ethiopia within the last five years (CenNCAR'’s ds552.1 dataset (Bodo, 2001). The rainfall-runoff

tral Intelligence Agency, 2006). A final noteworthy charac- model provides streamflow and net evaporation. IMPEND

teristic is the flexibility of downstream flow policies, mod- outputs include project benefits or net benefits (discounted
ulated by the downstream flow constraint established at thévack to the simulation start year), energy production, and
entrance to Roseires dam. The policy employed here allowseservoir levels at monthly intervals.

for up to five percent of the annual flow passing the border to

be impounded within Ethiopia. 3.3 Forecasting approaches

IMPEND may be configured to account for transient (fill- ify the value of | initation f
ing) conditions for dams coming online, however for this To quantify the value of a seasonal precipitation forecast car-

analysis, all reservoirs are assumed initially filled to design”edI throzgg the rll'nkﬁ_d Oslyste.m, tr;ree typesl O_f fore;:asts arz
height to mimic operational aspects. Reservoir operations argvaluated through a hindcast. perfect, actua (imperfect), an

not restricted to explicitly following established rule curves, monitoring (based on climatology). Decision-making is con-

but rather are flexible, optimizing operations based on exlingent on current conditions (e.g. reservoir storage) and an

pected future streamflow. Operations are, however, Cor]_outlook of precipitation over the ensuing 12 months. In the

strained to meet or exceed a future target storage level, as dé)_erfect forecast case, the 12-month foresight period consists

scribed in Sect. 3.3. Benefits attributable to climate forecast®f 0Pserved precipitation, and represents an upper bound
in hydropower optimization are an aspect not often consig"n expected benefits possible through forecast improvement.

ered. For a climatology-based operation, however, for which! '€ actual and monitoring forecast approaches do not use

future streamflows are simply based on observed monthl)_PerfeCt precipitation foresight, but rather a combination of

means, this approach essentially collapses to a process anérpperfect forecasts and ghmatology out 12 months, as de-
ogous to following a rule curve. tailed below. The selection of 12 months, as opposed to

a shorter foresight, is based on the large reservoir storage
32 Data capacity, and also facilitates constraining reservoir levels to
prevent dumping for short-term gains in the optimization.

For the forecast model, global atmospheric and oceanic vari- For the perfect forecast case, observed precipitation and
ables, including sea surface temperature, sea level predemperature are fed into the rainfall-runoff model to gener-
sure, geopotential height, and air temperature, were obtaine@t€ @ streamflow and net evaporation sequence to drive the
from the National Oceanic and Atmospheric Administra- hydropower model. Given the lack of observational data
tion’s (NOAA’s) Climate Diagnostics Center (CDC), based at the inlet of the reservoirs, the streamflow and net evap-
on National Centers for Environmental Prediction—National ©ration produced by the rainfall-runoff model based on ob-
Center for Atmospheric Research (NCEP-NCAR) reanalysisSérved precipitation are substituted for observations. Op-
data (Kalnay et al., 1996). These are monthly average val€rational decisions in the hydropower model are optimized
ues on a 2.5x 2.5° grid for 1949 to the present. PDSI val- in the current step reflective of the existing reservoir stor-
ues (Dai et al., 2004), also at monthly time scales and on £9€ and inflows over the next 12 months, subject to con-
2.5 x 2.5 grid, for 1870-2003, were provided by NCAR’s Straints, including the target storage level. Marching for-
Climate and Global Dynamics Division. Observed precipita-Ward one month, the hydropower model receives new in-
tion data (the predictand) are part of the Climatic Researctformation regarding the time-step 12 months out, and re-
Unit (CRU) time series 2.0 dataset, on a0:50.5° grid res- ~ OPtimizes reservoir decisions accordingly to maximize ben-
olution, obtained from the University of East Anglia, Nor- €fits. This iterative approach forms a set of sequential de-
wich, United Kingdom (Mitchell and Jones, 2005). terministic problems (e.g. Stedinger et al., 1984; Marino and
In addition to the June-September monthly precipitation-02iciga, 1985a,b). o
produced by the forecast model, the rainfall-runoff model The actual forecast approach follows a similar overall
requires inputs of mean daily temperature and the diurnaProgression, excepting application of forecasted precipita-
temperature range, acquired from the CRU dataset (MitchelFON forJune—Sept_ember,_ with cI|ma_toIog|caI precipitation in
and Jones, 2005). Precipitation for months other than JuneQther months, as inputs into the rainfall-runoff model. Ob-
September represents climatology based on the same dataserved temperatures are also applied. In any given month,
Monthly streamflow and net evaporation outputs are pro_the hydropower model optimizes based on existing reservoir
duced monthly. storage and inflows over the next 12 months, as in the perfect
Physical, hydrologic, and climatic data required for build- forecast case, however prior to May, when the forecast is is-
ing and running IMPEND were acquired from a num- sued, streamflow and net evaporation values are based only

ber of sources. Dam, reservoir, and power characteris®" climatological precipitation and persistence. Thus in May
tics are provided in the USBR preliminary study (Bureau of every year, streamflow and net evaporation for each of thg
of Reclamation, 1964). Observed streamflow records forSuPseduent 12 months of the sequence are updated, reflecting

calibration and validation in the upper Blue Nile basin € Néw precipitation forecast.

www.hydrol-earth-syst-sci.net/15/1355/2011/ Hydrol. Earth Syst. Sci., 15, 13682011
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Decision-making for the monitoring approach is simply the observed record) and model uncertainty (including fore-
based on optimizing over current reservoir conditions andcast and hydrology). This is analogous to a sensitivity-type
climatological streamflow and net evaporation, the commonapproach to appreciate potential effects on system benefits.
approach for most water managers. One-hundred bootstrapped sequences are formed for all

Thus, for the actual and monitoring approaches, an optithree approaches simultaneously and processed through the
mal release is selected in the current month time-step, condiinked model system according to the following algorithm
tioned on future imperfect forecast or climatological inflows, (see Fig. 4 for flow chart):
respectively, and start-of-month reservoir storage. Reservoir
storage after releases is subsequently computed via a massl- Randomly select a year, 1961-2000.
balance using the forecast or climatological inflow. The end- i . s .

: a. Perfect: Retain monthly precipitation observations.
of-month reservoir storage, however, must be updated (or
corrected) by the difference between the imperfect or clima- o, Actual: Draw from the precipitation forecast distribu-
tological inflow and the observed inflow; reservoir storage tion from the year selected (Fig. 3) and disaggregate to
is increased or decreased accordingly. This is suboptimal, June—September months. For each non June-September

from the hydropower model perspective, but realistic given month, fill the precipitation record with monthly clima-
inflow forecast errors. Finally, the end-of-month reservoir tological values.

storage becomes the existing storage for the ensuing month,

and the iterative optimization scheme is updated (Marino 3. Repeat steps (1)—(2) ten times (with year replacement)
and Loaiciga, 1985a,b). Observed inflows are produced by  to form a decade-long record.

the rainfall-runoff model utilizing observed precipitation and

temperature, as discussed previously. 4. Perfect and Actual: Process the sequence through the
rainfall-runoff model to produce monthly net evapora-
3.4 Hydroclimatic sequences development and tion and streamflow into the reservoir.
evaluation

5a. Perfect and Actual: process the net evaporation

To force the linked modeling system, decadal sequences of ~ and streamflow sequences through the IMPEND hy-
monthly hydroclimatic input variables (precipitation fore- dropower model to generate hydropower benefits. Ac-
cast, temperature) need to be assembled. It is commonly tual appro_ach requires reservoir storage update based on
accepted that forecast distributions better capture observa- observed inflows.
tions in some years (or seasons) than others, thus the choic
of decades allows for examination of compounding effects
and tends to smooth out noisy monthly optimization behav-
ior. The goal here is to compare adoption of approaches
over time, not for any isolated event. To start, four decadal
sequences are constructed from the model hindcast periodg Repeat steps (1)—(5) one hundred times.
(1961-1970, 1971-1980, 1981-1990, 1991-2000), provid-
ing a comparison over varying climatic conditions. The per- An evaluation of the temporal persistence of interannual
fect approach applies observed precipitation, the actual apJune—September total seasonal precipitation reveals no par-
proach applies means of the imperfect precipitation forecasticular persistence at any lag, therefore interannual stream-
distribution, and the monitoring approach applies climato-flow may be considered a random process, justifying a boot-
logical precipitation. To capture forecast uncertainty in the strap approach to construct decadal sequences. Monthly per-
actual approach and translate it into benefits, 100 additionasistence between years, specifically December to January,
sequences are assembled for each of the four decades by ragxists weakly, but has not been preserved for the perfect
domly drawing from the forecast distribution of the appropri- approach; this is the dry season, and variability (let alone
ate year (Datta and Houck, 1984; Datta and Burges, 1984)quantity) is small, producing negligible differences. For the
Each of the 100 sequences is then processed through the syaetual and monitoring approaches, climatological values are
tem of models, including optimizing operations contingent assumed for December and January, so persistence is irrele-
on inflows, existing reservoir storage, and a target storageant.
level. The three forecasting approaches are evaluated by compar-
The number of sequences may be further augmented bing the sum of monthly hydropower benefits, aggregated to
bootstrapping from the observed record and in the case oflecadal totals. Initial comparisons include approaches with
the actual approach, drawing from the forecast distributionsall four proposed dams online; latter comparisons include
The goal of these additional sequences is to better undemnly Karadobi, the farthest upstream dam site.
stand the plausible effects of potential climatic variability = Two performance metrics, analogous to reliability and re-
(e.g. juxtaposition of wet or dry periods not experienced insilience, are created for further comparison between actual

Bb. Monitoring: process decade-long climatological net
evaporation and streamflow sequences through IM-
PEND to generate hydropower benefits. Requires reser-
voir storage update based on observed inflows.

Hydrol. Earth Syst. Sci., 15, 1355368 2011 www.hydrol-earth-syst-sci.net/15/1355/2011/
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Table 1. Decadal reliability and annual resilience for two forecasting approaches in comparison to monitoring (climatology). Four-reservoir
scheme only, with sequences based on observed decades in chronological order.

Decades

Forecast Approach 1960s 1970s 1980s 1990s

(Four-reservoir scheme) Rel Res Rel Res Rel Res Rel Res

Full forecast 0 0.33 0.29 0.37 0.97 0.52 0.84 0.51

BN tercile forecastonly 0.13 0.70 1.0 0.60 1.0 0.58 0.85 0.48
Note: BN = below normal precipitation; Rel = decadal reliability, Res = annual resilience
forecast and monitoring benefits. Reliability is represented 17 ‘
as: I

-+ .
If FB; > MB,z; = 1, elsez; =0 1) glsf @ . .
- &, 14; ‘
Reliability = (%, z)/n 2) 2 1 B .
2 13 T
where FB represents hydropower benefits from the actual é 196 . E s
forecast model system at time-stefMB are the monitoring 8 ul +
approach system benefitsis a counting scalar, andequals a - ‘
the total number of time-steps. This comparative reliability % 101 : !
may therefore vary from 0-1; values less than 0.5 infer higher 2 of |
L L . S i & Perfect fest

overall reliability by the monitoring methodology, while val- o 4l B Median fst
ues greater than 0.5 indicate higher overall reliability by the | *_Monitoring |
actual forecast approach. Resilience measures the ability of ’f
the actual forecast system to respond to years with benefits 1961-1970  1971-1980  1981-1990  1991-2000

lower than the monitoring approach with greater benefits in

the following year.

Decades

Fig. 5. Cumulative decadal hydropower benefits for four observed

If FB, < MB, andif FB,1 > MB,1 theny, =1 (3) decades using the perfect (diamond), actual (median, square), and
monitoring (climatology, star) precipitation forecasts. Box plots

If FB; < MB; andif FB;1 < MB;;1 theny, = 0 (4) characterize the expected benefit distribution of the 100 sequences
drawn from the forecast distributions.

Resilience= (X,_1y)/m (5)

wherey is a counting scalar, and equals the total number

distribution of the 100 sequences drawn from the forecast

of occurrences. Resilience varies from 0—1 with larger valuesdistributions. Dams are assumed to be online from the on-
signifying greater actual forecast system resilience. set. Only the 4-reservoir scheme is displayed, as the single-
reservoir (Karadobi only) scheme behaves quite similarly.
As expected, the perfect forecast outperforms both the ac-
tual and monitoring forecasts; with the exception of the first
decade, the actual forecast system benefits are on par or sur-
The benefits of the linked model system drawing on thePass those of the monitoring system. Poor forecasts in the
three forecasting approaches, reliabilities between the actu&a1y years, especially 1962-1963, for which notably wet-
forecasting and monitoring approaches, and application ofer than observed conditions are predicted, contribute to the

a tailored actual forecast to address water manager's riskslightly inferior actual forecast system performance of that
aversion are presented in the following section decade. The third decade, for which the actual forecast ap-

proach benefits far exceed those of the monitoring approach,
is a relatively dry period with two exceptionally dry years
(1982, 1987). The actual forecast model does predict drier
Using the four decades from the observed record, decaddahan normal conditions for those years, but not to the extreme
hydropower benefits of the linked model system from theobserved. In summary, while for three decades there is lit-
perfect, actual forecast, and monitoring approaches are agle appreciable difference between the median-based forecast
sessed (Fig. 5). Box plots characterize the expected benefind the no-forecast approaches, for the 1980s decade, the

4 Economic value and reliability of seasonal climate
forecasts

4.1 Chronological analysis of observed record
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Table 2. Decadal and annual reliability and resilience for two 4
forecasting approaches in comparison to monitoring (climatology).
Single-reservoir scheme only based on bootstrapped sequences. = 3 °
= oo © ®
L o 2, ® °e &
Forecast Approach Reliability Resilience g, o g
[5) [ ]
(single reservoir scheme) Decadal Annual Annual § o
= 1 °B
Full forecast 0.68 0.58 0.48 g y
BN tercile forecast only 0.97 0.72 0.69 £
L 0 oA
Note: BN = below normal precipitation

-1
-1 0 1 2 3 4

Monitoring Benefits [$10%]

difference is stark; it is these major hits that water managers

wish to avoid. The range of actual forecast decadal benefits, b
representing forecast uncertainty, is not trivial, as illustrated 20
by the box plots, especially for the first three decades. For the
1990s decade, observations are predominantly in the inter-
quartile range, with limited extreme years, thus producing a
very tight benefit distribution. Not surprisingly, benefits de-
rived from the median forecasts are superior to the median
of decadal sequences based on randomly drawing from the
forecast distributions. Reliability and resilience of the actual
approach based on the 100 sequences, as compared with the
monitoring approach, are very low for the first two decades,
and starkly higher for the last two (Table 1). From this pre- 0 5 10 15 20
liminary analysis, it would appear there is value in using an Monitoring Benefits [$107]

actual seasonal forecast, compared with climatology, to po'Fig. 6. Comparison of hydropower benefits between monitoring

tentially reduce variability in benefits and buffer against con- 4 actual forecast linked model approachegdpsingle-reservoir
siderable losses, however the low reliability and resilience in(karadobi), andb) 4-reservoir schemes.
the first decades is concerning.

15

10 ° o® o

Forecast Benefits [$10%]

4.2 Sampling from the observed record inability of the system to respond timely to a poor forecast,
even if the subsequent year’s forecast is adequate. The multi-
A comparison of decadal benefits between the actual forecageservoir scheme reliability and resilience (not reported) is
and monitoring system approaches for the 100 bootstrappedimost identical.
sequences, under both the 4-reservoir and single-reservoir Although the overall results are generally positive, specific
(Karadobi only) schemes, is illustrated in Fig. 6. Points sequences, such as decades labdleshd B on Fig. 6, may
above the 1-to-1 line represent sequences for which the ade severe enough to dissuade managers from accepting an
tual forecast method’s cumulative benefits surpass those ddctual forecasting approach. Even though the likelihood of
the monitoring method; similarly, points below the line fa- these events occurring is small, the risk may still be suffi-
vor the monitoring method. For both the multi and single cient. Examining these specific sequences in detail is en-
reservoir schemes, the majority of points are bundled aroundightening. Annual streamflow and benefits for decatle
the 1-to-1 line at the higher benefit end, not clearly favor-from the actual and monitoring forecast approaches, for the
ing either forecasting approach. For sequences resulting isingle-reservoir scheme, are illustrated in Fig. 7. Most no-
lower benefits, the actual forecast method tends to fare bettably from the streamflow sequence is the over-prediction by
ter. Negative benefits are possible due to a penalty functhe actual forecast system in years 2—-3 and 5. The ramifica-
tion applied to low reservoir levels/low outlet flows, but con- tions of this are evident in the annual benefits figure: in years
tribute minimally. Reliability for the single reservoir scheme following a poor forecast, benefits drop noticeably in com-
is 0.68 and 0.58 for decadal and annual (1000 years) separison to the monitoring approach, especially when fore-
quences, respectively, indicating added value for actual foreeasting greater than observed “wet” conditions. (The figure
cast inclusion (Table 2). Resilience is 0.48 for the annualillustrates discounted benefits, so a general downward trend
assessment, indicating an immediate rebound for approxiis not unexpected.) This phenomenon is also apparent upon
mately half the occurrences (Table 2). Lack of resilience mayinspection of decads, presented in Fig. 8, in which years 3
be explained by multiple sequential poor forecasts, or theand 5—7 all represent forecasts greater than observed. Similar
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Fig. 8. Same as Fig. 7, except using time-setesom Fig. 6.

findings explain the poor performance of the actual forecastacross each category, implying no inherent bias in the fore-
for decadesA and B under the multi-reservoir scheme (not cast. Hydropower response to forecast errors across ter-
shown). ciles, however, is less even; the model appears to express
much greater sensitivity to forecast errors in the above nor-
mal category versus the below normal one. To test, a syn-
thetic sequence is created for the above (below) normal cate-
Undeniably, water managers considering implementation ofyory: June—September precipitation for each year is set at the
a seasonal forecast into operations would prefer the vast ma#5th percentile (25th percentile) of the observational record
jority (or all!) of the project benefits reside above the 1-to-1 to represent consistently above (below) normal conditions;
line. While the results of the actual forecast system demon+emaining months are set to climatology. To mimic a forecast
strated thus far indicate potentially greater benefit value vererror, two additional sequences are created by adding (sub-
sus a monitoring approach, tailoring the forecast in responséracting) 25 mm of monthly precipitation from each of the
to hydropower model sensitivities is worth exploring. June-September months to the above (below) normal syn-
Examining the actual forecast errors (1961-2000) by ter-thetic sequence. The choice of 25mm is arbitrary. Both
ciles (i.e. below normal, near normal, above normal) revealssequences are passed through the linked model system (no
approximately equal error means and standard deviationforecast). The synthetic sequences act as “observations”

4.3 Tailoring the seasonal forecast

www.hydrol-earth-syst-sci.net/15/1355/2011/ Hydrol. Earth Syst. Sci., 15, 13682011



1364 P. Block: Tailoring seasonal climate forecasts for hydropower operations

Table 3. Results of hydropower sensitivity test to forecast errors 41
in above and below normal terciles. Single-reservoir scheme only
based on bootstrapped sequences. & 3l
a ° .. ..
- P - jea ° ° °
Series Aggregated Benefits (million$)  Difference w
(single reservoir scheme) Observed Observed with Error 5 27 ° °
c
AN series (75th percentile) 3682 2272 1410, 38.3% g
BN series (25th percentile) 2975 2745 230, 7.8% = 1t
@
8]
Notes: AN =above normal precipitation, BN =below normal precipitation; percentile o
based on observational 19612000 record; error is +25 mm/mo for June—September for L? Or
AN, —25mm/mo for BN
_l L L L L 1
17 : ‘ ‘ ; -1 0 1 2 3 4
16+ ¢ ] Monitoring Benefits [$10°]
_ —— ¢
‘o 151 . . . L
& . = Fig. 10. Com_panson of hydropower benefits between momtqnng
o 14 — il and actual tailored forecast linked model approaches for the single-
% 13- * ¢ reservoir (Karadobi) scheme using the bootstrapped sequences. Tai-
2Ll % | lored approach includes dampening of above and near normal pre-
g ‘ cipitation forecasts.
o 11+ 1
5]
D +
a>) 107 + 1
Z & Perfect fcst
S 9 itori . S . .
2 *_Monitoring To this end, the precipitation forecast is tailored such
3 L .
o 8 that all actual forecasts in the above normal and near nor-
7T * 1 mal terciles are modulated to reflect climatology. (Little is
6 ‘ ‘ ‘ ‘ gained from a near normal forecast in comparison to cli-
1961-1970  1971-1980 3981-1990  1991-2000 matology.) Practically, this implies replacing occurrences

of June—September forecasts of near or above normal con-
Fig. 9. Cumulative decadal hydropower benefits for four observedditions with June—September average monthly precipitation.

decades using the perfect (diamond), monitoring (climatology, star)This procedure effectively eliminates wet forecasts; some op-

scheme. Box plots characterize the expected benefit distribution 05/

ETIE X et forecasts deem them worthy of disregarding. Actual
the 100 sequences drawn from the forecast distributions tailored tcforecasts in the below normal category remain unchanged
dampen above and near normal precipitation forecasts. This modification has no effect on the perfect or monitoring
forecast system approaches. The effect of this tailored fore-

L . _._cast in comparison to the monitoring approach is quite dra-
(constant over the decade for simplicity) for comparison with matic (Figs. 9 and 10, updating Figs. 5 and 6a, respectively).

sequences containing forecast errors through a SyStemat|5ecadal and annual reliability and resilience scores, pre-

bias; this allows for gauging the effects of forecast EIMOSsanted in Tables 1 and 2, indicate a marked improvement over

in the ti\;v Ot tercne;s tl)n a fag"magrl‘erk.) Comg)arl'\:,r(l) ? of d'ﬁfr' the actual full forecast approach. For the first three observed
enges etween observed: and “observed with Torecast €ryq o qag (Fig. 9), the benefit distributions are notably higher
ror” sequences (Table 3) clearly exhibits greater hydropower,

del vty o ab ' N Thus. f and tighter; box plot medians surpass the monitoring bene-
model sensitivity 1o above normay forecast errors. TNus, 10rg 4 5 decades except the 1960s. Even though reliability
this linked mgdel system, errantly forecasting wetter than Ob'l‘or the 1960s is still relatively low, the difference between

Zerved C%”?'Flons tml :heh a;)ove normal ca;egory adppear§ Benefits from the actual and monitoring approaches has been

€ more detrimental to hydropower operations and ensuinge y,,cqq substantially. Decadal sequence benefits from the

b?_”Ef'tS_ than errantly forecasting drier than opserved Conbootstrapped actual tailored forecast approach nearly always
ditions in the below normal category. This typically stems utpace those of the monitoring approach, with the few fa-

from gggressive actions (e.qg. significant release fro_m storgg oring the monitoring approach in close proximity to the 1-
following a wet forecast as opposed to conservative actiong,, 1 jine. The elimination of low or negative decadal benefits

ge.g. dmalntam mgg St(t),,r ?ge) foltlowmo? atd.ry. for‘%ca? ; Therf'from the actual forecast system is promising, and may begin
ore dampening ‘wet forecasis and retaining dry 1orecasts,, onice managers to incorporate such methodologies into

is a reasonable option in light of this sensitivity. their practices. The relatively low annual reliability reported
for the bootstrapped sequences, may be deceiving, and is best
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Fig. 11. Comparison of hydropower benefits between perfect andrig. 12. Penalty functions for risk-taking (RT) and risk-averse (RA)

actual tailored forecast model approaches for the single-reservoipenaviors. 7 = energy threshold. Units for Energy Produced and
(Karadobi) scheme using the bootstrapped sequences. Penalty are GWatt h/mo.

understood in context. To take an example, in a dry year, benpenefits relationships (Fig. 13). Reliability here in the tradi-
efits from the monitoring approach may outpace the actuational sense refers to the number of months the threshold is
forecast approach, as it prescribes the release of more wat@kceeded for the 12000 months evaluated. Reliability and
through the turbines that year, however repercussions to berpenefits substantially work in contrast to one another: higher
efits in the following year are likely to be more severe for the (lower) reliability implies a reduction (increase) in benefits.
monitoring case. The resilience metric addresses this issug|so, as the threshold level drops, the difference between lev-
indicating a rebound by the actual forecast approach in thes|s of risk diminishes, becoming less of a factor when thresh-
following year for more than two-thirds of the occurrences. olds are easily surpassed. Of notable interest is the clear
While tailoring the actual forecast to this stage is clearly separation not simply between the monitoring and forecast
beneficial, incentives to improve the forecast model to potenapproaches, but specifically between the RT monitoring and
tially draw even greater returns is evident through compari-RA forecast. The RA forecast appears more stable, provid-
son with the perfect forecast output (Fig. 11, bootstrappedng greater benefits and higher reliability over the course of
sequences only). Attaining a perfect forecast may be unrealthresholds evaluated. Even this conservative behavior pro-
istic due to inherent climate uncertainty, however the potenduces superior performance when climate information is ex-
tial for further advancement plainly exists. ploited, perhaps enticing mangers to consider forecast inclu-

sion for improvements in reliability and benefits.
4.4 Assessing behavioral risk outcomes

The level of risk a water manager is willing to acceptisintrin- 5 Discussion and conclusions
sically tied to institutional requirements, user demands, the
flexibility of the system, and personal experiences, amonglrhe modeling system is necessarily multi-disciplinary, link-
other influences. This level implies consequent effects oring climate, hydrology, and water management, an approach
system reliability and benefits. Two tendencies are addresseib valuing climate information that is often neglected due to
here through the use of a penalty function: one toward risk-its challenges and time consuming nature (Mjelde, 1999).
taking (RT), one toward risk-aversion (RA). The simple lin- The independent models themselves do not constitute new
ear functions adopted to impose a penalty (represented bynethodology; the uniqueness of the contribution comes in
energy loss but effectively financial loss) in the event of a pre-model integration, the exploitation of sensitivities between
determined energy threshold not being exceeded is illustratethtegrated models, and ultimately a clear demonstration of
in Fig. 12. To simulate RA (RT) behavior, a steep (moderate)economic value through actual forecast inclusion. Ritchie
sloped penalty function is employed. Lowering monthly en- et al. (2004) assert that a forecast system may be consid-
ergy production below the threshold results in larger penal-ered useful if the forecast is statistically valid (verified) and
ties. demonstrates a positive value of information, both of which
Assessment of the two risk levels for both the monitor- appear true for this study.
ing and forecast approaches is undertaken for four minimum The realization of added value and reliability through fore-
energy thresholds, selected to span conceivably acceptabtmst inclusion, specifically addressed by dynamic manage-
levels of reliability. The identical 100 bootstrapped decadalment and decision-making through tailored climate informa-
sequences from the prior evaluation are utilized to illustratetion, is an important outcome. The retention of dry state
the monthly threshold — reliability and decadal threshold —forecasts adds quality information without subjecting the
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Fig. 13. Comparison of monitoring and forecast approaches under risk-taking (RT) and risk-averse (RA) beh#&s)ahfeshold — benefit
and(b) threshold — reliability relationships using the bootstrapped sequences.

hydropower model to unreasonable levels of operational riskinstance, it is also conceivable that decisions in other sectors
Dry forecasts typically prescribe conservative reservoir ac-(agriculture and food security, flood early warning, health,
tion, and even if in error, will only forfeit minimal benefits etc.) may likewise tend toward emphasis on one end of the
(a higher than expected rainfall will still deliver streamflow forecast spectrum, although minimal evidence of demonstra-
to the reservoir for use in later months). Although only ex- tion currently exists.

ploiting a subset of the forecast range, and likely sacrificing In addition to climate, sensitivity to coincident drivers
benefits in wet years, a water manager may be inclined tqpolicy, economics, demand, etc.) may also exhibit signifi-
adopt a mechanism that focuses more on reducing risk andant influence, warranting a reassessment of the hydropower
potentially lost benefits than lost opportunities. This beginsmodel. Explicitly modeling operational practices, such as se-
to address one historical impediment to forecast inclusioniection of a target precipitation or streamflow forecast based
of not focusing sufficiently on user needs and applicationson exceedance probabilities (e.g. 90th percentile) of the en-
(Ziervogel et al., 2010). semble forecast, also deserves attention. Other integrated

Equally informative is the recognition of forecast benefit and social factors may also be equally relevant and worthy
from a risk perspective. Risk-averse managers typically faceof inclusion, beyond hydropower simulation, as advocated
constraints coercing conservative action, whereas risk-takerby the World Commission on Dams (WCD, 2000). The in-
have more latitude to absorb a low-output time-step in ex-terrelationship of all these aspects is not trivial or currently
change for a substantial payoff later, typically leading towardwell understood, however, potentially complicating decision-
greater aggregate benefits. Given the success of forecast imaking (McCartney, 2007).
clusion demonstrated, it is rather expected that for a specified Minimal difference in streamflow was noted when sub-
level of risk, utilizing a forecast produces benefits and reli- stituting climatological temperature for observed tempera-
ability in excess of simply depending on climatology. More ture in the rainfall-runoff model. Although the absolute
enlightening is how even conservative action bolstered by éydropower benefits may be slightly overestimated, from a
forecast regularly outperforms a risk-taking approach con-comparison perspective between forecast and non-forecast
ditioned on climatology, for equivalent energy threshold re- approaches, it is essentially immaterial, as both approaches
quirements. This addresses one of the cardinal impedimentsenefit nearly equivalently. Adding a temperature forecast,
(risk-aversion) by theoretically allowing managers to remainconditioned on the precipitation forecast, is an added layer
risk-averse and realize considerable gains. of complexity for future stages of this research.

While the tailored approach demonstrated in this study is The forecast model presented here is generally founded
effective, it is errant to assume an identical procedure con-on stationary climate principles. Multi-decadal effects or cli-
ducted for other regions or project types will necessitate im-mate change are not explicitly addressed. A recent study by
proved benefits, however given success here, exploration i®’Connor et al. (2005) reveals the strongest determinant of
warranted. Locations susceptible to climate variability whereforecast use is risk perception; if extreme climate conditions
forecast skill is apparent are ripe for investigation. As in this are anticipated in the near future, the uptake of a forecast is
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