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Accurate hydro-climate forecasts are important for decision making by water 

managers, agricultural producers, and other stake holders. Numerical weather 

prediction models and general circulation models may have potential for improving 

hydro-climate forecasts at different scales. In this study, forecast analogs of the Global 

Forecast System (GFS) and Global Ensemble Forecast System (GEFS) based on 

different approaches were evaluated for medium-range reference evapotranspiration 

(ETo), irrigation scheduling, and urban water demand forecasts in the southeast United 

States; the Climate Forecast System version 2 (CFSv2) and the North American 

national multi-model ensemble (NMME) were statistically downscaled for seasonal 

forecasts of ETo, precipitation (P) and 2-m temperature (T2M) at the regional level.  

The GFS mean temperature (Tmean), relative humidity, and wind speed (Wind) 

reforecasts combined with the climatology of Reanalysis 2 solar radiation (Rs) produced 

higher skill than using the direct GFS output only. Constructed analogs showed slightly 

higher skill than natural analogs for deterministic forecasts. Both irrigation scheduling 

driven by the GEFS-based ETo forecasts and GEFS-based ETo forecast skill were 

generally positive up to one week throughout the year. The GEFS improved ETo 
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forecast skill compared to the GFS. The GEFS-based analog forecasts for the input 

variables of an operational urban water demand model were skillful when applied in the 

Tampa Bay area. The modified operational models driven by GEFS analog forecasts 

showed higher forecast skill than the operational model based on persistence. The 

results for CFSv2 seasonal forecasts showed maximum temperature (Tmax) and Rs 

had the greatest influence on ETo. The downscaled Tmax showed the highest 

predictability, followed by Tmean, Tmin, Rs, and Wind. The CFSv2 model could better 

predict ETo in cold seasons during El Nino Southern Oscillation (ENSO) events only 

when the forecast initial condition was in ENSO. Downscaled P and T2M forecasts were 

produced by directly downscaling the NMME P and T2M output or indirectly using the 

NMME forecasts of Nino3.4 sea surface temperatures to predict local-scale P and T2M. 

The indirect method generally showed the highest forecast skill which occurs in cold 

seasons. The bias-corrected NMME ensemble forecast skill did not outperform the best 

single model. 
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CHAPTER 1 
INTRODUCTION 

Needs for Accurate Hydroclimate Forecasts 

The magnitude of the recent drought in many regions of the USA emphasized the 

need from different stake holders in the region to use weather and climate information in 

managing water resources. Most of the operational decision-makings in water resources 

management are in medium-range (0 to 2 weeks) and seasonal (0 to 12 months) time 

scales. Accurate medium-range and seasonal hydroclimate forecasts will be useful for 

reducing operational risks in water resources management at the regional level.  

In recent years, many efforts have been made to incorporate weather and 

climate forecasts into hydrological or hydrometeorological simulations and water 

resources management. Extensive research focused on using climate information to 

improve long-lead (seasonal to interannual) streamflow forecasts (e.g., Grantz et al., 

2005; Devineni et al., 2008; Bracken et al., 2010; Wood and Lettenmaier, 2006), using 

weather information to improve short- to medium-range streamflow forecasts (e.g., 

Voisin et al., 2011; Dutta et al., 2012; Shrestha et al., 2013), evaluating the benefits of 

forecasts in water supply management (e.g., Grantz et al., 2007; Golembesky et al., 

2009), or developing frameworks for incorporating climate-informed seasonal 

streamflow forecasts into practical water resources management (e.g., 

Sankarasubramanian et al., 2009; Gong et al., 2010; Towler et al., 2013). Despite the 

recent progress in incorporating weather and climate information in streamflow 

forecasts, it is worth noting that many studies suggest that weather and climate forecast 

information are still underutilized by water managers (e.g., Bolson et al., 2013; 

O’Connor et al, 2005; Rayner et al., 2005). This may due to the gaps for forecasting 
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some important hydroclimate variables such as evapotranspiration and the gaps for 

applying these hydroclimate forecast information to improve agricultural and urban 

water demand forecasts.  

Bias-correction and Downscaling of NWPs and GCMs Outputs 

The Numerical Weather Prediction Models (NWPs) and Global Climate Models 

(GCMs) are tools to simulate continental scale climate dynamics. Forecasts from the 

NWPs and GCMs are potential sources of information for water management. There are 

barriers for using NWPs and GCMs in water resources management, which are due to 

the biases and systematic errors of the forecast system, the unknown capacities of the 

current models for forecasts associated with water management, the scale mismatch 

between the model resolution and regional applications, and the lack of appropriate 

statistical models to tailor these forecasts for use in water management applications. 

Reforecast archives recently made available can be used to understand forecast 

model bias, evaluate forecast skill, quantify model uncertainty, and build statistical 

models to tailor to the needs for water management applications. For example, 

systematic errors of a forecast system can be reduced by statistical post-processing of 

reforecasts and by using multimodel ensemble forecasts (e.g., Hagedorn et al. 2012; 

Hamill 2012). There have been a number of seasonal and medium-range reforecast 

datasets made publically available over past few years. For the seasonal to interannual 

time scale, these include the North American NMME system (Kirtman et al. 2013). The 

NMME Phase I has archived monthly forecasts of precipitation (P), 2-m temperature (T), 

and sea surface temperature (SST) from multiple global climate models (GCMs) in 

seasonal scale (up to 12 months). Among all the GCMs in the NMME system, the 

CFSv2 model (Saha et al. 2013) has archived reforecast data at a 6-hourly time step up 
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to 9 months, with more archived variables (such as maximum and minimum 

temperature at two meters, solar radiation, specific humidity, surface pressure, and wind 

speed) that can be used in hydrological applications. For the medium-range time scale, 

the Global Forecast System (GFS) (Hamill et al. 2006) and the Global Ensemble 

Forecast System (GEFS) (Hamill et al. 2013) have archived reforecasts of medium-

range forecasts. Many of the archived fields are potentially useful for water 

management applications.  

There is a scale mismatch between model outputs and regional water 

management applications. Downscaling techniques can be employed to overcome this 

mismatch, either spatially or temporally. There are two categories of downscaling 

methods: statistical and dynamical downscaling (Fowler et al. 2007). Statistical 

downscaling employs statistical relationships between the output of a GCM and local 

observations and inherently corrects the model bias. Statistical downscaling is 

computationally efficient and straightforward to apply. Maraun et al. (2010) divided 

statistical downscaling methods into three types: perfect prognosis (PP), model output 

statistics (MOS), and weather generators (WGs). PP approaches calibrate the statistical 

model (often regression-related methods) using the observed large-scale field 

(predictor) and observed local-scale weather (predictand) and use the GCM forecast 

field as the predictor in the calibrated statistical model to produce the local-scale 

forecast; MOS approaches produce the downscaled field by directly calibrating the 

spatially disaggregated or dynamically downscaled GCM output using observations; 

WGs are statistical models that generate random sequences of local-scale weather with 

the temporal and spatial characteristics that resemble the observed weather (Maraun et 
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al. 2010). For dynamical downscaling, a GCM provides the boundary and initial 

conditions to a regional climate model (RCM) and the RCM runs at a finer resolution to 

produce local scale forecasts. Since dynamical downscaling requires additional 

statistical bias correction and is computationally intensive, this dissertation will mainly 

focus on statistical downscaling. 

Research Question and Objectives 

The overall research question is: Can NWPs and GCMs provide useful 

information for regional water resources management? To answer this question, the 

following six specific objectives were evaluated: 

Objective 1: To explore the application of the GFS for medium-range reference 
evapotranspiration (ETo) forecasts using a forecast analog approach; 

Objective 2: To compare the performance of different forecast analog approaches for 
downscaling GFS ETo forecasts; 

Objective 3: To evaluate daily ETo forecasts using the GEFS reforecasts and explore 
the usefulness of the forecasts for agricultural water management; 

Objective 4: To evaluate forecast analogs of relevant weather variables from reforecasts 
of the GEFS and test whether short-term urban water demand forecasts 
can be improved using them; 

Objective 5: To explore the potential of using the CFSv2 for seasonal predictions of ETo 
and its relevant climate fields; 

Objective 6: To assess regional precipitation and surface air temperature predictions 
produced from multiple GCMs using different types of statistical 
downscaling techniques. 
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CHAPTER 2 
FORECASTING REFERENCE EVAPOTRANSPIRATION USING RETROSPECTIVE 

FORECAST ANALOGS IN THE SOUTHEASTERN UNITED STATES 

Chapter Introduction 

The accurate estimation of evapotranspiration (ET) is needed for determining 

agricultural water demand, reservoir losses, and driving hydrologic simulation models. 

In typical hydrological and agricultural practice, evapotranspiration is calculated from 

reference evapotranspiration (ETo); where ETo is the evapotranspiration from a well-

watered reference surface. In an effort to provide a common, globally valid standardized 

method for estimating ETo, the FAO-56 Penman-Monteith (PM) equation (Allen et al. 

1998) was adopted by the Food and Agricultural Organization (FAO) of the United 

Nations. While the physically based PM equation has been shown to accurately 

estimate ETo (Chiew et al. 1995; Garcia et al. 2004; López-Urrea et al. 2006; Yoder et 

al. 2005), it requires a large amount of meteorological data which are often not available 

in many regions.  

Forecast output from Numerical Weather Prediction Models (NWPMs) and 

Global Climate Models (GCMs) are potentially useful for ETo forecasting. However, local 

application usually requires a finer resolution than is currently available from most 

coarse-scale NWPM and GCM output (Fowler et al. 2007). Downscaling techniques are 

able to address this problem by using dynamical or statistical methods. Dynamical 

downscaling focuses on nesting a regional climate model (RCM) in a NWPM or GCM to 

produce spatially complete fields of climate variables, and thus preserving some spatial 

correlation as well as physically plausible relationships between variables (Maurer and 

Hidalgo 2008). However, dynamical downscaling suffers from biases introduced by the 

driving model and from high computational demand (Abatzoglou and Brown 2012; 
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Hwang et al. 2011; Plummer et al. 2006). Statistical downscaling methods develop 

empirical mathematical relationships between output from NWPM/GCMs and local 

climate observations (Barsugli et al. 2009). The advantage of statistical downscaling is 

computational efficiency and the ability to be applied across multiple models to develop 

ensembles for scenario building (Abatzoglou and Brown 2012). Due to these 

advantages, extensive research has been conducted on statistical downscaling for a 

variety of purposes in recent years. For example, Maurer and Hidalgo (2008) 

downscaled reanalysis precipitation data over the western U.S. using both constructed 

analogs (CA) and the bias correction and spatial downscaling (BCSD) method of Wood 

et al. (2004). Another study compared three statistical downscaling methods: BCSD, 

CA, and a hybrid of the two (bias correction and constructed analogs; BCCA) to 

downscale reanalysis data and used the downscaled data to drive hydrologic models 

(Maurer et al. 2010). Abatzoglou and Brown (2012) compared two statistical 

downscaling methods: BCSD and multivariate adapted constructed analog (MACA) to 

downscale reanalysis data for wild fire applications in the western U.S.   

Several studies have been conducted on ETo forecasts in recent years. Cai et al. 

(2007, 2009) developed and applied ETo forecasts using weather forecast messages 

produced by the China Meteorological Administration. Several studies have focused on 

the use of artificial neural network (ANN) or other empirical models to simulate or 

forecast ETo (Chattopadhyay et al. 2009; Dai et al. 2009; Kumar et al. 2011; Landeras et 

al. 2009; Ozkan et al. 2011; Pal and Deswal 2009; Wang et al. 2011).  A recent review 

of ANN modeling of ETo can be found in Kumar (2011). Comparatively fewer studies 

have been conducted to dynamically or statistically downscale ETo forecasts using 
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NWPMs or GCMs. Ishak et al. (2010) used the mesoscale modeling system 5 (MM5) to 

dynamically downscale ERA-40 reanalysis data in the Brue catchment in southwest 

England, and found ETo to be overestimated by 27-46%.  However, Ishak et al. (2010) 

noted that there were clear patterns in downscaled weather variables that could be used 

to correct the bias in the results. Silva et al. (2010) found that statistically corrected 

MM5 estimates of ETo improved results compared to raw model output in the Maipo 

basin in Chile. Direct statistical downscaling methods (i.e. methods that downscale 

directly from coarse-scale NWPM or GCM output) that specifically address the needs 

for ETo forecasts appear to be generally lacking to date.  

Archives of NWPM reforecasts have recently been made available for diagnosing 

model bias and improving forecasts; including the reforecast datasets using the National 

Center for Environmental Prediction’s (NCEP) Global Forecast System (GFS) (Hamill et 

al. 2006c) and that from the European Centre for Medium-Range Weather Forecasts 

(ECMWF) (Hamill et al. 2008; Hagedorn et al. 2008).  A series of articles have 

introduced the use of the GFS reforecast dataset, including week-2 forecasts (Hamill et 

al. 2004; Whitaker et al. 2006),  short-range precipitation forecasts (Hamill and Whitaker 

2006b; Hamill et al. 2006c; Hamill et al. 2008), forecasts of geopotential heights and 

temperature (Hagedorn et al. 2008; Hamill and Whitaker 2007; Wilks and Hamill 2007) 

and streamflow predictions (Clark and Hay 2004; Getnet 2011; Werner et al. 2005). The 

GFS reforecast dataset includes over 31 years of 1-15 day 15-member forecasts for 

multiple variables at a T62 (approximately 200-km) resolution (Hamill et al. 2006c). 

Hamill and Whitaker (2006b) demonstrated that a forecast analog technique could 

produce simple, skillful probabilistic forecasts at a high spatial resolution using the GFS 
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reforecast archive. The analog technique has been found to perform, in general, as well 

or better than other statistical downscaling methods (Timbal and McAvaney 2001; Wilby 

et al. 2004; Zorita and von Storch 1999).  The GFS reforecast dataset includes 

forecasted variables that include wind speed, temperature, and relative humidity which 

are important input data for the PM equation; and thus may be useful for generating 

probabilistic ETo forecasts.  However, the GFS reforecast dataset does not include 

archives of incoming solar radiation, nor maximum and minimum temperature (forecast 

variables are archived in 12-hour intervals) which are also important input data for the 

PM equation. 

In this work, we employ the GFS reforecast dataset to generate 1-15 day 

probabilistic daily ETo forecasts and downscale the forecasts using a forecast analog 

technique over the states of Alabama, Florida, Georgia, North Carolina, and South 

Carolina in the southeastern United States. Sections 2 and 3 provide the data and 

methodology used in this work. The description of results and discussion are presented 

in Section 4. Concluding remarks are given in Section 5.  

Data 

The GFS reforecast archive contains model forecasts from 1979 to present 

issued every day at a T62 resolution of 2.5o×2.5o (roughly 200-km) (Hamill et al. 2006c). 

The reforecasts have 15 ensemble members and range from 1 to 15 days lead with the 

forecast data recorded every 12 hours.  Archived variables include 10-m wind speed 

(u10), 2-m temperature (T), and 700-mb relative humidity (RH); all which may be 

potentially useful to forecast ETo. For this work the 15 member forecasts were averaged 

to the ensemble mean; 12-hour 2-m T, 10-m u10, and 700-mb RH data were averaged 

into daily values; daily maximum and minimum temperature (Tmax, Tmin) were estimated 
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by comparing the 12-hour T values on each day, where the larger T was Tmax and the 

smaller T was Tmin. Wind speed at 2-m height (u2) was estimated from u10 (Allen et al. 

1998): 

2

4.87

ln(67.8 5.42)
zu u

z



                                                         (2-1) 

where z is the measurement height (10 m). For this work, we used data from 1 October 

1979 to 31 September 2009; 30 years of reforecasts. 

Since the GFS reforecast archive does not include solar radiation output, and 

includes variables at a relatively coarse temporal resolution (12-hour) this work also 

employed the R2 dataset. The R2 dataset includes variables such as incoming solar 

radiation (Rs) and daily maximum and minimum temperature.  The R2 dataset is 

available from 1979 to present at a T62 resolution (Kanamitsu et al., 2002). Daily 

climatological mean values of the R2 dataset were calculated using a running ±30 day 

window. 

As the long-term continuous observed meteorological data needed for the 

estimation of ETo is generally not available, the North American Regional Reanalysis 

(NARR) dataset (Mesinger et al. 2006) was used for forecast verification. The NARR 

dataset contains all of the variables required for estimation of ETo (as described below) 

and is available at an approximately 32-km grid resolution.  While the NARR dataset 

may contain biases (e.g. Markovic et al. 2009; Vivoni et al. 2008; Zhu and Lettenmaier 

2007), the NARR data used to calculate ETo was taken as a surrogate for long-term 

observations in this work. 
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Methods 

ETo Calculation Methods 

This work used the standardized form of the PM equation recommended by the 

FAO (FAO-PM) (Allen et al. 1998) and the Thorthwaite equation (Thornthwaite 1948) to 

estimate daily ETo (mm), The FAO-PM equation is written as:  
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where Rn is the net radiation at the crop surface [MJ m-2 day-1]; G is soil heat flux 

density [MJ m-2 day-1], and is considered to be negligible for daily calculations; T is the 

mean daily air temperature at 2-m height [oC]; u2 is wind speed at 2-m height [m s-1]; es 

is saturation vapor pressure [kPa]; ea is actual vapor pressure [kPa];  is the slope of the 

saturation vapor pressure curve [kPa 
o
C

-1
]; and  is the psychrometric constant [kPa oC-1]. 

Further details on the calculation of each of the terms in Equation 2-2, as well as the 

standard methods used to estimate variables that are not available (i.e. solar radiation) 

in the GFS reforecast archive can be found in Appendix A. 

Despite its accuracy in estimating ETo, the PM method requires a large number 

of inputs including solar radiation, maximum temperature, minimum temperature, wind 

speed and relative humidity or dewpoint temperature. Given the limited number of 

variables archived in the GFS reforecast dataset, it is worthwhile to compare with the 

Thornthwaite equation to estimate ETo (Thornthwaite 1948). The advantage of the 

Thornthwaite equation is that it only requires mean temperature data as input (Vicente-

Serrano et al. 2010): 
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where L is the maximum number of sun hours [h]: 

24
sL 


        (2-4)

 

where s is the sunset hour angle (defined in Appendix A). N is the number of days in 

the month [-]; I is a heat index calculated as the sum of 12 monthly values of i: 

514.1
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where Tm is monthly mean temperature [°C], and m is dependent on I: 

492.01079.11071.71075.6 22537   IIIm    (2-6) 

Forecast Analog Method 

The ETo forecasts were produced using a moving spatial window forecast analog 

approach, as described by Hamill and Whitaker (2006b) and Hamill et al. (2006c).  The 

moving window approach uses a limited number of GFS reforecast grid points, which 

increases the likelihood of finding skillful natural analogs (van den Dool 1994).  The 

moving window forecast analog procedure used the calculated value of forecasted ETo 

at a given lead using one of the approaches in Table 2-1 to find a subset of analog 

forecasts from the historical reforecast archive that were most similar (based on root 

mean square error) within the limited spatial region. Once the dates of the nearest 

analogs were chosen, the corresponding fine resolution estimates were obtained for 

these dates from the 32-km resolution grid ETo values computed from the NARR. For 

this work forecast analogs were chosen from a subset of 9 grid points (Figure 2-1). This 

subset of 9 points was used to determine the fine-scale analogs within the interior of the 
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domain (Figure 2-1).  This process was then repeated across the region of interest. 

Following Hamill and Whitaker (2006b), analog forecasts were selected within a ±45 

day window around the date of the forecast and the best 75 analogs were chosen to 

construct the forecast ensemble.  A cross-validation procedure was employed where 

dates from the current year were excluded from the list of potential analogs. 

Since the GFS reforecast archive does not include solar radiation output, and 

only includes variables at a 12-hour temporal resolution this work employed the R2 

dataset in the selection of forecast analogs by substitution of long-term climatological 

mean daily values or bias-correction of GFS reforecasts (Table 2-1).  The rationale to 

the substitution of climatological mean values from the R2 dataset is that it effectively 

provides an appropriate estimate (though not perfect) of the parameter in question.  In 

doing so, it lessens the parameter’s importance in the selection of forecast analogs 

(since all of the potential analogs within the ±45 day window will have been calculated 

using the same/similar values) and the analog selection becomes weighted towards 

other terms in Equation 2-2. 

Bias-correction of GFS reforecast variables was conducted using a cumulative 

distribution function (CDF) mapping approach (Hwang et al. 2011; Ines and Hansen 

2006; Panofsky and Brier 1958; Wood et al. 2004). The CDF mapping approach 

employed the following steps : 1) CDFs were created individually for each of the grids 

using the R2 climatology, which were selected from a running ±30 day window from 

year 1979 to 2009; 2) CDFs of GFS reforecast daily raw data were created for the same 

grid as R2;  3) daily GFS reforecast raw data were bias-corrected at each grid point 

using CDF mapping that preserves the probability of exceedence of the GFS reforecast 
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raw data, but corrects the raw data to the value that corresponds to the same probability 

of exceedence from the R2. Thus bias-corrected data 
'

,i jx  on day i at grid j was 

calculated as, 

  ' 1

, 2, , ,i j R j GFS j i jx F F x      (2-7) 

where F(x) and F-1(x) denote a CDF of daily data x and its inverse, and subscripts GFS 

reforecast and R2 indicate the GFS reforecast raw data and R2 data, respectively. This 

bias-correction process was able to remove both bias of under-prediction and over-

prediction assuming direct correspondence between GFS reforecast and R2 

exceedence probabilities.    

Evaluation Procedure 

Daily forecast skill was evaluated for each lead-day and summarized by month. 

The modified Linear Error in Probability Space (LEPS) (Potts et al. 1996) skill score was 

used to evaluate the overall skill between the ensemble of forecasts and observations. 

The LEPS skill score has advantages over RMSE and anomaly correlation to assess 

forecasts of continuous variables (Potts et al. 1996). The modified LEPS proposed by 

Potts et al. (1996) measures the distance between the forecast and the observation in 

terms of their respective cumulative distribution functions.  The LEPS score (S) is 

defined as: 

  113 22  ooffof PPPPPPS       (2-8) 

where Pf and Po are the probabilities of the forecast and observation from their 

respective empirical cumulative distributions.  Values of S range from 2 to -1 and correct 

forecasts at the extremes score higher than those in the middle of the distribution, which 

means it gives relatively more penalty when forecasting events around average values, 



 

29 

but gives relatively higher scores and less penalty for correct forecasts of extreme 

events (Potts et al. 1996; Sobash et al. 2011; Zhang and Casey 2000).  The value of S 

can be expressed as a skill score with a range 100 to -100%, where a skill score of 

100% indicates a perfect forecast and a skill of 0% indicates a skill score equivalent to 

climatology: 





mS

S
SK

100
     (2-9) 

where the denominator is the maximum or minimum possible value of S depending on 

whether the numerator is positive or negative.  If the numerator is positive, Sm is 

calculated as the best possible forecast, using Equation 2-8 with Pf = Po.  If the 

numerator is negative, Sm is calculated as the worst possible score using Equation 2-8, 

with Pf = 0 for Po ≥ 0.5 and Pf = 1 for Po < 0.5. 

In addition to the LEPS skill score, the Brier Skill Score (BSS) was used to 

evaluate the forecast skill for both tercile categories (upper, middle, and lower terciles) 

and extremes (10th and 90th percentiles) and were summarized by month. The BSS is 

calculated as (Wilks 2006):  
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where BSf  is the Brier score of the forecast and BSc is the Brier score of climatology. 

Climatology was computed from daily values ± 30 days of the forecast date. The BSf  

and BSc are calculated as: 
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where n is the number of forecasts and observations of a dichotomous event, pi
f and pi

c 

are the forecasted probability of the event using the forecasts and climatology, 

respectively, and Ii
o = 1 if the event occurred and Ii

o = 0 if the event did not occur. The 

BSS ranges between -∞ to 1.0, and values of the BSS of 1 indicate perfect skill and 

values of 0 indicate that the skill of the forecast is equivalent to climatology. 

The resolution and reliability of categorical forecasts were evaluated using the 

relative operating characteristic (ROC) diagrams (e.g. Sobash 2011; Wilks 2006) and 

reliability diagrams (e.g. Wilks 2006), respectively. The ROC diagram compares hit 

rates to false alarm rates at different forecast probability levels and is a measure of how 

well the probabilistic forecast discriminates between events and non-events.  An ROC 

curve that lies along the 1:1 line indicates no skill and a curve that is far towards the 

upper left corner indicates high skill. The reliability diagram indicates the degree that 

forecast probabilities match observed frequencies. An overall measure of the reliability 

of the forecasts can be assessed by the deviation of the reliability curve from the 

diagonal. For a perfectly reliable forecast system, the reliability curve is aligned along 

the diagonal.  Curves below (above) the diagonal indicate over-(under-) forecasting. 

The nearer the curve is to horizontal, the less resolution in the forecast. 

Results and Discussion 

Table 2-2 and 2-3 show the overall mean LEPS and BSS skill scores for lead 

days 1 and 5 for all ETo methods used to find forecast analogs.  Overall, PM_RH and 

PM_RHRs, which used 700mb RH data, were more skillful than the other methods.  For 

lead day 1, PM_RHRs had the highest skill for overall results (based on the LEPS skill 
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score), lower extremes, lower terciles, and upper terciles, while methods Thorn and 

PM_Rs had the highest skill for middle terciles and upper extremes, respectively (Table 

2-2). Among the five methods that did not use GFS reforecast RH data, Thorn which 

used the Thornthwaite equation with only mean temperature had the highest skill for 

middle terciles (Table 2-2); PM_Rs which used the PM equation with the combination of 

climatological mean values of Rs from the R2 dataset and temperature and wind speed 

from the GFS reforecast archive (Table 2-1) showed the highest forecast skill for overall 

results, lower extremes, lower terciles, upper terciles, and upper extremes.  For lead 

day 5, the overall skill (based on the LEPS skill score) of PM_RH, Thorn, PM_Rs, and 

PM_RHRs are approximately 8.0, which outperformed PM_GFS, PM_RsT, and PM_BC 

in terms of the overall forecast (Table 2-3). The lower extreme and middle tercile 

forecasts showed no skill in lead day 5 for all the seven methods, while some forecasts 

were skillful for the lower tercile, upper tercile, and upper extreme categories, with 

PM_Rs and PM_RHRs showing the highest skill for lower tercile and upper tercile, and 

PM_Rs and PM_RsT showing the highest skill for the  upper extreme forecast.  

Evaluation of Reference Evapotranspiration Methods in Time  

Figure 2-4 show the skill of ETo forecasts, by method, for lead day 1 and lead day 

5 in terms of LEPS skill score (Figure 2-2), BSS of forecasted extreme values (Figure 2-

3), and BSS of forecasted terciles (Figure 2-4). Overall, ETo estimated by PM_RH and 

PM_RHRs were more skillful than the methods that did not use GFS reforecast 700-mb 

RH data. According to the LEPS skill score (Figure 2-2), PM_RH and PM_RHRs lead 

day 1 forecasts showed similar patterns of skill and were generally greater than other 

methods in cold months, with PM_BC showing slightly higher skill in warmer months 

(May – August).  The LEPS skill score in lead day 5 shows the skill is higher in cold 
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months than in warm months for all the 7 methods.  PM_RHRs still performed the best 

in cold months, while PM_GFS and PM_BC forecasted equally best in warm months. In 

terms of BSS for lower extreme forecasts (Figure 2-3), PM_RHRs was the most skillful 

for lead day 1 and lead day 5 when the BSS was above zero.  For upper extreme 

forecasts, PM_Rs and PM_RsT generally showed the highest skill during the cold 

months, while PM_BC was showed the greatest skill in July and August for both lead 

day 1 and lead day 5. In terms of BSS for tercile forecasts (Figure 2-4), PM_RHRs 

showed the greatest skill for both lead day 1 and lead day 5 for lower terciles forecasts, 

with PM_BC showing slightly higher skill in June and July; for the middle tercile forecast, 

the BSS of all the 7 methods over the year were within a range of -0.1 to 0.1, and no 

single method was the best over other methods in terms of BSS in different months; for 

the upper tercile forecast, PM_RHRs had the highest skill in cold months, while PM_BC 

and PM_Rs showed the highest in the other months.     

While the GFS reforecast RH data used here was at 700-mb height (and not at 2-

m height as typically required for Equation 2-2), it nevertheless played an important role 

in improving the forecast skill in the humid southeastern US.  In addition, using external 

R2 Rs climatology was found to improve skill in cooler months, while the PM_BC 

approach produced higher skill in warmer months. In the PM equation,  and u2 were 

calculated using readily available output from the GFS reforecast archive, while the 

values of ea, es and Rn require, or can be estimated from (in the case of Rn), Tmax and 

Tmin.  Tmax and Tmin were estimated from the available 12-hr output from the GFS 

reforecast archive, and daily RHmean was also determined from 12-hr output and at 700-

mb height, which arguably makes these terms the most uncertain in Equation 2-2. 
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Comparison of PM_GFS, Thorn, PM_Rs, PM_RsT, and PM_BC suggests that using the 

Thornthwaite equation with only mean temperature data was able to achieve similar skill 

to using the PM equation with Tmean and u2 data and approximate (12-hour) GFS 

reforecast Tmin and Tmax data (PM_GFS), indicating that the PM equation failed to 

improve forecast skill alone without RHmean. This result also suggests that all the 

methods with either the PM or Thornthwaite equations show better skill compared to 

climatology, albeit less than when GFS reforecast RH data was included. Comparison 

of PM_RH (which did not use R2 Rs climatology) with PM_RHRs (which used R2 Rs 

climatology) suggests that the addition of Rs contributed only slightly to improvement in 

skill and that the majority of skill improvement was due to the inclusion of GFS 

reforecast RH. Comparison of PM_GFS, PM_Rs, PM_RsT, and PM_BC suggests that 

bias correction of all the GFS reforecast variables with R2 (PM_BC) can improve the 

forecast skill above that from replacing all of those variables with R2 climatology 

(PM_RsT). For the ETo calculated by PM_RHRs, it is important to note that this method 

used R2 climatology of Rs, so the selection of candidate analogs were likely more 

weighted based on GFS reforecast Tmean, RH and u2. As PM_GFS, PM_RH, and Thorn 

suggest, u2 was likely less important than Tmean and RH in the selection of analogs. 

In Figure 2-5 and 2-6 the BSS of PM_RH and PM_RHRs are repotted to show 

the relative skill between the 5 categories. For both methods, the upper and lower 

terciles showed the greatest skill for both lead day 1 and lead day 5, the middle tercile 

the least for lead day 1 and the extreme forecasts the least for lead day 5, and all 

forecasts in 5 categories were skillful over all 12 months for lead day 1 except the 

middle tercile forecast in June, August, and September. For the lead day 5 forecasts of 
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the two methods, only the upper tercile, lower tercile, and lower extreme forecasts were 

skillful from December to July, while there was no skill in other categories and other 

months. 

Figure 2-7 and 2-8 show the ROC and reliability diagrams for the 5 categorical 

forecasts for PM_GFS, PM_RH, and PM_RHRs for both lead day 1 and 5. All of the 

ROC diagrams in Figure 2-7 show that the lower tercile forecast had the greatest 

resolution for all methods and both lead days, this was followed by the upper tercile, 

upper extreme, lower extreme, and middle tercile, respectively. The ROC diagrams 

show that the resolution of the three methods was very close; and similar results can be 

found for the lead day 1 and 5 forecasts.  In Figure 2-8, there were few differences in 

reliability among the three methods and the two lead days. For all methods there was 

some over-forecasting at low probabilities.  All methods showed some over-forecasting 

bias, especially for the upper and lower tercile and upper extreme forecasts. High 

probabilities for the upper extremes were over forecasted for all the three methods. 

Although the LEPS and BSS showed that PM_RH and PM_RHRs were more skillful 

than PM_GFS, and the skill in lead day 1 was greater than lead day 5, the ROC and 

reliability diagrams show the resolution and reliability for the three methods and two 

lead days were similar. While the BSS indicated no skill in several instances, the 

corresponding ROC and reliability diagrams showed positive skill.  One possible 

explanation is that the climatological ETo may have significant variability across 

locations and across seasons, which can produce artificially high skill as explained in 

Hamill and Juras (2006a).  
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Figure 2-9 shows the mean monthly and annual ETo forecasts for lead days 1 

and 5 using PM_RHRs.  Also shown are the 10th and 90th percentiles of the forecasts 

and observations.  The figure indicates the mean of forecasted monthly ETo matched 

quite well with the mean of NARR monthly ETo, with a slight under prediction in May to 

September and over prediction in November to January for both lead day 1 and 5. 

Similarly, for the 10th percentile of the monthly ETo, there was slight over prediction in 

warm months and under predictions in cool months; on the contrary, 90th percentile 

forecasts were found to under predict during warmer months and over predict in cooler 

months. Figure 2-9 also indicates that the annual variation of ETo forecasts generally 

followed observations for both lead day 1 and 5. 

Evaluation of Reference Evapotranspiration Methods in Space 

Based on the LEPS skill score, PM_RHRs forecasts showed greater overall skill 

than PM_RH for both lead day 1 and lead day 5 (Figure 2-10). The forecast skill for both 

lead day 1 and lead day 5 were highest in the west and northeast. Forecast skill was 

lowest over Florida and near the coast and in the more mountainous region at the 

confluence of North Carolina, South Carolina and Georgia.  This may be due to the 

inability of coarse-scale analogs to accurately match local scale phenomena related to 

topographic effects and the influence of the sea breeze over the Florida peninsula (e.g. 

Marshall et al. 2004; Misra et al. 2011). 

Figure 2-11 shows the BSS of the categorical forecasts for PM_RH and 

PM_RHRs. For the upper extreme forecasts, PM_RHRs showed greater skill than 

PM_RH; the greatest skill found in three states (North Carolina, South Carolina, and 

Alabama) and northern Georgia, while the least skill were mostly in coastal areas. The 

lower extreme forecasts were less skillful than upper extreme forecasts but showed a 
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similar pattern in space. The upper and lower tercile forecasts showed a similar spatial 

pattern to the upper and lower extreme forecasts, with PM_RHRs showing greater skill 

than PM_RH in most of the area.  PM_RHRs showed slightly greater skill than PM_RH 

for lead day 1 middle tercile forecasts and the forecast skill in space was comparably 

homogeneous.  

Evaluation of Reference Evapotranspiration Methods by Forecast Lead Day 

Figure 2-12 and 2-13 show the BSS and LEPS skill score as a function of month 

and lead day for PM_RH and PM_RHRs, respectively. Overall, for PM_RH, the 

forecasts were more skillful in cooler months when the skill scores were above zero. 

The LEPS skill score showed that the overall forecasts were skillful for the first 9 lead 

days. For the lower extreme and lower tercile forecasts, the BSS were mostly above 

zero before lead day 5 and the early half of the year were found to be more skillful at 

later lead days than later half of the year. For the upper extreme forecasts, the warmer 

months showed more skill at later lead days than cooler months.  For the upper tercile 

forecasts, lead day 7 was still skillful for the months of January, December, and July; 

however the skill was modest.  For the middle tercile forecasts, the BSS was greater 

than zero from lead day 1 to 3 for most months; after lead day 3 the forecasts showed 

no skill over the year.  PM_RHRs showed similar forecast patterns, except it has more 

skillful lead days in some months (Figure 2-13).  

Summary and Concluding Remarks 

A forecast analog technique was successfully used to downscale 1-15 day 200-

km resolution ETo forecasts using the GFS reforecast archive and R2 climatology data 

using seven methods over the states of Alabama, Georgia, Florida, North Carolina, and 

South Carolina in the southeastern United States. The 32-km resolution ETo calculated 
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from the NARR dataset using the PM equation was used to evaluate the forecast 

analogs. The skill of both terciles and extremes (10th and 90th percentiles) were 

evaluated. The ETo forecast methods which included GFS reforecast 700-mb RH data 

in the PM equation (PM_RH and PM_RHRs) showed greater skill compared to the 

methods that did not use RH.  The inclusion of R2 solar radiation data with GFS 

reforecast data (PM_Rs, PM_RHRs, and PM_RsT) was found to provide a modest 

increase of forecast skill. The forecasts using both GFS reforecast 700-mb RH data and 

R2 solar radiation (PM_RHRs) were found to produce slightly greater skill that forecasts 

using GFS reforecast 700-mb RH data alone (PM_RH). The bias correction of all the 

GFS reforecast variables with R2 (PM_BC) was found to improve the forecast skill 

compared to substitution of several variables with R2 climatology (PM_RsT). While the 

5 categorical forecasts were skillful, the skill of upper and lower tercile forecasts was 

greater than those of lower and upper extreme forecasts and middle tercile forecasts. 

Most of the forecasts were skillful in the first 5 lead days.  

Forecasting ETo using GFS reforecasts are advantageous in many respects. 

Previously applied ANN models for evapotranspiration forecasts are black-box models; 

and ANN models developed for one location cannot implemented in another without 

local training (Kumar et al. 2011). In contrast, using ETo from NWPM/GCM output 

preserves the physical relationships between different variables and preserves the 

spatial correlation of the output. Compared to the work of Cai et al. (2007), who used 

daily weather forecast messages to forecast ETo deterministically at eight stations over 

China, the data availability and the forecast resolution for downscaling NWPM/GCM 

forecasts is arguably more objective and at a finer resolution. There is no evidence to 
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show that statistical downscaling of forecasts are better than dynamical downscaling 

forecasts (Abatzoglou and Brown 2012) in terms of forecast skill, but statistical methods 

have an advantage in requiring significantly less computational resources. 

The advantage of analog selection based on calculated values of ETo rather than 

finding analogs for each variable individually is that the PM equation appropriately 

weights the input variables according to their importance.  The relative importance likely 

changes at different times of year and is captured by the analog approach used.  

Physically plausible relationships between variables and correlation between variables 

are also preserved.  The disadvantage of this approach is that analogs are found based 

on the magnitude of ETo and not the relative contribution of advective or radiative 

forcing.  For example, high ETo analog days may be found where wind and relative 

humidity played a larger contributing role compared to incoming solar radiation and vice 

versa.  

This work showed that a forecast analog approach using the Penman-Monteith 

equation with several approximated terms could successfully downscale ETo forecasts.  

However, the need to approximate several terms in the Penman-Monteith equation was 

likely a limiting factor in forecast skill and indicates the importance in archiving relevant 

variables in future, next-generation reforecast datasets.  Future work in evaluating ETo 

forecasts generated from retrospective forecast datasets should include comparison to 

direct model outputs of operational models in order to clearly demonstrate the value of 

statistical post-processing relative to direct model output. 
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Table 2-1. Summary of methods used to find forecast analogs 
Method ETo Method GFS Data Estimated Parameters

1 
External Data (R2) 

PM_GFS Penman-Monteith Tmean (2-m) Rs=f(GFS Tmax, GFS Tmin)   

  
u (10-m) es=f(GFS Tmax, GFS Tmin) 

 
  

Tmin (12-hr) ea=f(GFS Tmin) 
 

  
Tmax (12-hr) 

  
    Tdew = Tmin     

PM_RH Penman-Monteith Tmean (2-m) Rs=f(GFS Tmax, GFS Tmin)   

  
u (10-m) es=f(GFS Tmax, GFS Tmin) 

 
  

Tmin (12-hr) ea=f(GFS RHmean, GFS Tmax, GFS  Tmin) 
 

  
Tmax (12-hr) 

  
  

RHmean (700-mb, 12-hr) 
  

Thorn Thornthwaite Tmean (2-m)     
PM_Rs Penman-Monteith Tmean (2-m) es=f(GFS Tmax, GFS Tmin) Rs 

  
u (10-m) ea=f(GFS Tmin) 

 
  

Tmin (12-hr) 
  

  
Tmax (12-hr) 

  
    Tdew = Tmin     
PM_RHRs Penman-Monteith Tmean (2-m) es=f(GFS Tmax, GFS Tmin) Rs 

  
u (10-m) ea=f(GFS RHmean, GFS Tmax, GFS  Tmin) 

 
  

Tmin (12-hr) 
  

  
Tmax (12-hr) 

  
  

RHmean (700-mb, 12-hr) 
  

PM_RsT Penman-Monteith Tmean (2-m) es=f(R2 Tmax, R2 Tmin) Rs 

  
u (10-m) ea=f(R2 Tmin) Tmin 

    
Tmax 

        Tdew = Tmin 

PM_BC Penman-Monteith Tmean (2-m) Rs=BC f(BC Tmax, BC Tmin) 
Rs to bias correct 
GFS Rs 

  
u (10-m) es=f(BC Tmax, BC Tmin) 

Tmin to bias correct 
GFS Tmin 

  
Tmin (12-hr) ea=f(BC Tmin) 

Tmax to bias correct 
GFS Tmax 

  
Tmax (12-hr)  

u to bias correct GFS 
u 

  Tdew=Tmin   

1 Estimation procedures are detailed in Appendix A 
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Table 2-2. The overall average LEPS skill score and BSS for lead day 1. LEPS skill 
score and BSS are respectively evaluating the overall skill and categorical 
skill; the five categories represent <10%, <1/3, 1/3-2/3, >2/3, >90%.  

Method LEPS  Brier Skill Score 

  Overall 
Lower 

extreme 
Lower tercile Middle tercile 

Upper 
tercile 

Upper 
extreme 

PM_GFS 12.9 0.011 0.104 -0.001 0.138 0.032 

PM_RH 18.2 0.147 0.195 0.023 0.196 0.066 

Thorn 13.3 0.051 0.114 0.047 0.166 0.102 

PM_Rs 14.8 0.068 0.142 0.030 0.202 0.150 

PM_RHRs 20.7 0.204 0.232 0.035 0.219 0.067 

PM_RsT 8.6 0.041 0.096 0.036 0.155 0.140 

PM_BC 12.9 0.043 0.124 0.009 0.147 0.053 
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Table 2-3. As in Table 2-2 but for lead day 5 

Method LEPS  Brier Skill Score 

  Overall 
Lower 

extreme 
Lower tercile Middle tercile Upper tercile 

Upper 
extreme 

PM_GFS 6.9 -0.063 -0.019 -0.017 0.011 -0.037 

PM_RH 7.7 -0.034 -0.004 -0.013 0.025 -0.047 

Thorn 8.2 -0.019 0.004 -0.004 0.037 -0.017 

PM_Rs 7.9 -0.015 0.013 -0.006 0.042 0.017 

PM_RHRs 8.3 -0.003 0.014 -0.009 0.031 -0.05 

PM_RsT 4.9 -0.004 0.013 0.000 0.027 0.011 

PM_BC 6.8 -0.026 0.003 -0.013 0.014 -0.044 
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Figure 2-1. Example of a subset of 9 grid points covering the Tampa Bay area. The 

small points denote where NARR data are available. Large black points 
denote where the GFS and Reanalysis 2 data are available. Small grey points 
denote where analog patterns will be applied, which is selected from the large 
black points.  
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Figure 2-2. Comparison of LEPS skill score for the 7 methods as a function of time of 

the year: (a) LEPS skill score at lead day 1, (b) LEPS skill score at lead day 5 
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Figure 2-3. Comparison of BSS for the 7 methods extremes forecasts as a function of 
time of the year: (a) BSS at lead day 1, (b) BSS at lead day 5 
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Figure 2-4. As in Figure 2-3 but for tercile forecasts 
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Figure 2-5. Comparison of the categorical forecasts in time for PM_RH in lead day 1 
and 5 
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Figure 2-6. As in Figure 2-5 but for PM_RHRs 
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Figure 2-7. ROC diagrams: (a) PM_GFS lead day 1, (b) PM_GFS lead day 5, (c) 

PM_RH lead day 1, (d) PM_RH lead day 5, (e) PM_RHRs lead day 1, (f) 
PM_RHRs lead day 5. 
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Figure 2-8. Reliability diagrams: (a) PM_GFS lead day 1, (b) PM_GFS lead day 5, (c) 

PM_RH lead day 1, (d) PM_RH lead day 5, (e) PM_RHRs lead day 1, (f) 
PM_RHRs lead day 5. 
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Figure 2-9. Comparison of the monthly and annual ETo over Oct 1979 to Sep 2009 for 

NARR ETo and PM_RHRs ensemble mean ETo analogs: (a) lead day 1; (b) 
lead day 5. The gray zones represent 10 to 90 percentile of of NARR ETo, 
reflecting spatial variation of the monthly and annual ETo over the five states. 
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Figure 2-10. The average LEPS skill score of the PM_RH and PM_RHRs across the 

five states 
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Figure 2-11. The average BSS of the PM_RH and PM_RHRs for the 5 categories 

forecasts across the five states 
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Figure 2-12. BSS of the PM_RH for 5 categorical forecasts as a function of time and the 

lead time of the forecast: (a) Lower extreme forecast, (b) Lower tercile 
forecast, (c) Middle tercile forecast, (d) Upper tercile forecast, (e) Upper 
extreme forecast, (f) Overall forecast 
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Figure 2-13. As in Figure 2-12 but for PM_RHRs 
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CHAPTER 3 
COMPARISON OF TWO ANALOG-BASED DOWNSCALING METHODS FOR 

REGIONAL REFERENCE EVAPOTRANSPIRATION FORECASTS 

Chapter Introduction 

Forecasting ETo is critical to helping water managers develop strategies for 

operating water resources efficiently. General Circulation Models (GCMs) and 

Numerical Weather Prediction Models (NWPMs) can produce forecasts of relevant 

variables for ETo forecasts such as temperature (mean, maximum, and minimum), solar 

radiation, wind speed, and relative humidity. Thus, GCM and NWPM forecasts are a 

potentially useful source of information for water managers. However, most current 

models cannot provide reliable information under approximately 200 km resolution 

(Maraun et al., 2010; Meehl et al., 2007), which precludes the use of their output for 

local hydrologic applications. Therefore, downscaling techniques are necessary to 

produce fine-scale resolution forecasts from coarse-scale GCM and NWPM output for 

ETo and other relevant variables for many hydrologic applications.  

Both dynamical and statistical approaches have been developed to transform 

GCM or NWPM output to finer resolution for use in hydrological applications (Fowler et 

al., 2007). Dynamical downscaling nests a regional climate model (RCM) into a GCM or 

NWPM to simulate meteorological processes with a higher resolution within a region of 

interest, but it is computationally intensive. Statistical downscaling methods employ 

statistical relationships between the output of GCMs or NWPMs and local weather 

information and are comparatively computationally efficient and straightforward to apply.  

Ishak et al. (2010) used the mesoscale modeling system 5 (MM5) RCM to downscale 

ERA-40 reanalysis data to the Brue catchment in southwest England, and found 

downscaled ETo were overestimated by 27-46%. However, Ishak et al. (2010) noted 
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that clear patterns could be used to correct the biases, and data assimilation using 

multiple sources could improve the downscaled results. Silva et al. (2010) found that 

statistically corrected MM5 output variables improved the quality of ETo estimation 

compared to using raw model output in the Maipo basin in Chile. Using a statistical 

downscaling approach, Li et al. (2012) studied the change of future ETo on the Loess 

Plateau of China by comparing the calculated historical ETo during 1961–2009 with 

downscaled ETo during 2011–2099 from the HadCM3 (Hadley Centre Coupled Model, 

version 3) GCM using the Statistical DownScaling Model (SDSM). Tian and Martinez 

(2012) statistically downscaled 1 to 15 day ETo forecasts in the southeastern United 

States using the ensemble mean of the Global Forecast System (GFS) retrospective 

forecasts (reforecasts) by using natural forecast analogs.  

While outputs of dynamical downscaling have often been subjected to additional 

bias correction (e.g. Hwang et al., 2011; Ishak et al., 2010; Silva et al., 2010; Wood et 

al., 2004), direct statistical downscaling has been shown to be efficient in computation 

and capable of eliminating most biases (e.g. Abatzoglou and Brown, 2012; Salathe Jr. 

et al., 2007; Wood et al., 2002). Of the multiple statistical downscaling methods 

available, analog methods have been shown to perform, in general, as well as more 

complicated methods, to produce the right level of variability of the local variable, and to 

preserve the spatial correlation between local variables (Zorita and Von Storch, 1999). 

This method was initially used in the field of weather forecasting (Lorenz, 1969) and has 

been introduced by Zorita (1995) for downscaling purposes. The analog method as a 

downscaling approach has been extensively applied to downscale climate change 

scenarios (Imbert and Benestad, 2005; Timbal et al., 2003), precipitation (Fernández-
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Ferrero et al., 2010; Hamill and Whitaker, 2006b; Hamill et al., 2006a; Hidalgo et al., 

2008; Ibarra-Berastegi et al., 2011; Matulla et al., 2008; Maurer and Hidalgo, 2008; 

Maurer et al., 2010; Wetterhall et al., 2005), air temperature (Hidalgo et al., 2008; 

Maurer and Hidalgo, 2008; Maurer et al., 2010; Timbal and McAvaney, 2001), surface 

moisture flux (Ibarra-Berastegi et al., 2011), wildfire (Abatzoglou and Brown, 2012), and 

1-15 day ETo forecasts (Tian and Martinez, 2012).  

The commonly used analog methods are mainly based on natural occurring 

analogs (hereafter NA) or constructed analogs (hereafter CA).  According to Hidalgo 

(2008), using analog methods to downscale GCM or NWPM output include two steps. 

For NA, the first step is to find the closest analogs for a target forecast from a historical 

archive of coarse resolution GCM or NWPM forecasts. Once the dates of the best 

forecast analogs for the target have been identified, local high resolution fields 

corresponding to the coarse resolution analog dates are used as the downscaled 

forecast. Different from NA, CA does not simply apply the analog dates. The target is 

first linearly regressed to the best coarse resolution analogs. Then the regression 

coefficients are applied to the high resolution analogs which are selected by the coarse 

resolution analog dates.  CA has been mentioned to have the potential to produce 

better matches with greater skill than NA (Hidalgo et al., 2008; Van den Dool, 1994).  

A successful application of an analog method requires a sufficiently long archive 

of past forecasts in order to find reasonable analogs. The National Center for 

Environmental Prediction’s (NCEP) GFS reforecast dataset (Hamill et al., 2006a) was 

recently developed for diagnosing model bias and improving forecasts. The GFS 

reforecast dataset includes over 31 years of 15 member forecasts for 15 lead days at a 
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T62 resolution, which can provide sufficiently long records to apply analog methods 

(Hamill et al., 2006a). Medium-range downscaled forecasts which can be provided 

using the GFS reforecast dataset can meet the short-term planning needs of both the 

water and irrigation management communities.   

Recently, Tian and Martinez (2012) produced skillful downscaled daily ETo 

probabilistic forecasts in the southeastern United States using the Penman-Monteith 

equation and the NA approach using ensemble mean variables of the 15 members of 

the GFS reforecast archive and the NCEP-Department of Energy (DOE) Reanalysis 2 

dataset (R2).  Since CA has been noted previously to have the potential to produce 

forecasts with greater skill than NA, the objective of this work was to compare the 

performance of NA and CA methods to produce both probabilistic and deterministic 

downscaled 1 to 15 lead-day daily ETo forecasts using the combination of the 15 

member GFS reforecasts and the R2 dataset across the southeastern United States 

(Alabama, Georgia, Florida, South Carolina, and North Carolina). Section 2 and 3 

provide the data and methods used in this work. A comparison and discussion of the 

results is described in Section 4. Concluding remarks are presented in Section 5. 

Study Area and Data Sources 

The study includes the states of Alabama, Florida, Georgia, North Carolina, and 

South Carolina in the southeastern United States (Figure 3-1). This region has a high 

ratio of evapotranspiration to precipitation (50 to 80 percent), a good proportion of forest 

land cover, and diverse topographic features (i.e., coastal plains, piedmonts, and hilly 

mountains) (Liang et al., 2002; Lu et al., 2003; Lu et al., 2005; Sun et al., 2002). 

The GFS reforecast archive were generated using the 1998 version of the NCEP 

Medium Range Forecast (MRF) model from 1979 to present at a T62 resolution 
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(2.5o×2.5o) (Hamill et al., 2006a). The reforecasts include 15 ensemble members and 

range from 1 to 15 days lead time with data recorded every 12 hours. The potentially 

useful meteorological variables for ETo forecasts are 10-m wind speed (u10), 2-m 

temperature (T), and 700-mb relative humidity (RH). In this work, the 12-hour 2-m T, 10-

m u10, and 700-mb RH data were averaged into daily values. Daily maximum 

temperature (Tmax) and minimum temperature (Tmin) were approximated from the 12-

hour 2-m T; 2-m RH was approximated by 700-mb RH. Wind speed at 2-m height (u2) 

was calculated from u10 (Allen et al., 1998): 

2

4.87

ln(67.8 5.42)
zu u

z



      (3-1) 

where z is the measurement height (10m). For this work, the GFS reforecast data were 

extracted over the five southeastern states from 1 October 1979 to 31 September 2009.  

The GFS reforecasts were obtained from the Earth System Research Library, Physical 

Sciences Division (ESRL, 2010). 

The NCEP- DOE R2 data includes values of daily incoming solar radiation (Rs), 

which can serve as supplementary data to the GFS reforecasts for ETo forecasts (Tian 

and Martinez, 2012). The R2 dataset is available from 1979 to present at a T62 

resolution (Kanamitsu et al., 2002). This work abstracted the R2 daily Rs data over the 

five states from 1 January 1979 to 31 December 2010. Daily climatological mean values 

of Rs were calculated using a running ±30 day window. 

In this work, the 32km×32km resolution North American Regional Reanalysis 

(NARR) (Mesinger et al., 2006) daily data were used both for forecast verification and 

as the dataset to where the analog methods were applied (as described in 3.2).  The 

NARR data contains all the meteorological variables required for ETo estimation (as 
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described in 3.1), including daily maximum temperature, minimum temperature, mean 

temperature, dew point temperature, wind speed, and solar radiation.  While NARR data 

is a hybrid product of model simulations and observations and contains known biases 

(e.g. Markovic et al., 2009; Vivoni et al., 2008; Zhu and Lettenmaier, 2007), the 

availability of the high resolution long-term continuous daily ETo estimates makes it 

worthwhile to use ETo calculated by NARR (hereafter NARR-ETo) as a surrogate for 

observed data. 

Monthly and annual estimates of ETo from both GFS-based NA and CA forecasts 

and from NARR-ETo were compared to the 10 arc-minute estimates from the Food and 

Agricultural Organization of the United Nations (FAO, 2004). These ETo estimates were 

calculated using the CRU CL 2.0 Global Climate Dataset from the Climate Research 

Unit of the University of East Anglia, UK. The CRU data were interpolated from station 

observations for the period 1961 to 1990 (New. et al., 2002). 

Methods 

ETo Estimation Methods 

The standardized form of the Penman-Monteith (PM) equation recommended by 

the Food and Agriculture Organization (FAO) (FAO-PM) (Allen et al., 1998) was used to 

estimate daily ETo: 
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    (3-2) 

where Rn is the net radiation at the crop surface [MJ m-2 day-1]; G is soil heat flux 

density [MJ m-2 day-1], and is considered to be negligible for daily calculations; T is the 

mean daily air temperature at 2-m height [oC]; u2 is wind speed at 2-m height [m s-1]; es 
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is saturation vapor pressure [kPa]; ea is actual vapor pressure [kPa];  is the slope of the 

saturation vapor pressure curve [kPa 
o
C

-1
]; and  is the psychrometric constant [kPa oC-1]. 

For detailed procedures of calculating parameters in Equation 3-2, the reader is referred 

to Allen et al. (1998).  

The Analog Downscaling Methods 

Following the NA approach found by Tian and Martinez (2012) to produce the 

highest skill, the FAO-PM with the combination of GFS reforecast data (2-m Tmean,Tmax, 

Tmin,  u2, and 700-mb RH) and R2 climatology (Rs) was employed to calculate 15-

member 1 to 15 lead-day ETo forecasts in the coarse T62 grid (Figure 3-1). The FAO-

PM calculated using the NARR data was used to calculate the ETo in the high-resolution 

grid (Figure 3-1). Two analog methods, the NA method and CA method, were used to 

downscale the forecasts from the coarse grids to the finer grids (Figure 3-1).  

In this work, NA was applied in a similar fashion to the moving spatial window 

forecast analog approach described by Hamill and Whitaker (2006a) and Hamill et al. 

(2006b). It began with selecting the analog dates at the coarse grid scale (Figure 3-1) 

for one member and one lead day forecast within a domain of 9 grid points. The root 

mean square error (RMSE) was calculated by comparing the target ETo (ZGFS) on day n 

of the year with the historical ETo within a ±45 day window of the same day and 

averaged over the 9 grid points. The analog dates for ZGFS were selected as the first 30 

dates with the lowest RMSE. The analogs for the target ETo on day n at the finer grid 

(Panalogs) were selected from the ETo calculated using NARR (Figure 3-1) by applying 

the 30 analog dates selected from the coarse grid. Thus, for each fine grid and each 

lead day, there would be 450 analogs (30 analogs time 15 members). Both deterministic 
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and probabilistic forecasts of this location were generated from the ensemble of the 

analogs.  This process was repeated for each set of 9 grid points, and the forecast 

results for the region of interest was generated by tiling together the local analog 

forecasts.  

The CA method, described in detail by Hidalgo et al. (2008), differs from NA in its 

approach to dealing with analogs. The best 30 analogs for the 9 coarse grid points 

(Zanalogs) (Figure 3-1) for ZGFS for each member forecast was first selected. The method 

assumes there is a linear relationship between ZGFS and Zanalogs: 

log log
ˆ

GFS GFS ana s ana sZ Z Z A        (3-3) 

where ˆ
GFSZ  is the predicted value, and Aanalogs is a column vector of fitted least-squares 

estimates of the regression coefficients. The dimensions of the ZGFS matrix are pcoarse×1, 

where pcoarse is the number of grid points at the coarse resolution (pcoarse=9 in this work). 

The dimensions of Zanalogs are pcoarse×n, where n is the number of analogs (i.e., n=30), 

and the dimension of Aanalogs is n×1. Assuming Zanalogs has full rank (n), and using the 

definition of the pseudo-inverse (Moore-Penrose inverse), Aanalogs is obtained from 

Equation 3-4 by: 

 
1

' '

log log log logana s ana s ana s ana s GFSA Z Z Z Z
 

  
     (3-4) 

The coefficients Aanalogs from equation 3-4 are applied to the NARR grids (Figure 3-1) 

corresponding to the same day as the coarse resolution predictors Zanalogs, according to: 

log log
ˆ
downscaled ana s ana sP P A      (3-5) 

From Equation 3-4: 

 
1

' '

log log log log
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    (3-6) 
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where ˆ
downscaledP  is a constructed high-resolution analog and Panalogs, as mentioned 

before, is the set of high-resolution historical patterns corresponding to the same days 

as the Zanalogs. The dimension of the ˆ
downscaledP  vector is pfine×1, where pfine is the number 

of high-resolution grids ( pfine=100 in this work). Since there were 15 members in each 

forecast, there would be 15 ˆ
downscaledP  for each day and each lead day.  The deterministic 

forecast can be generated by the ensemble mean of those 15 members, and the 

probabilistic forecast can be produced by the ensemble of the 15 members.   

Evaluation Metrics 

Daily skill for both deterministic and probabilistic forecasts were evaluated for 

each NARR grid point and each lead day and summarized by month. A cross-validation 

procedure was employed where dates from the current year were excluded from the list 

of potential analogs. 

Deterministic Forecasts 

The deterministic forecasts were determined by the ensemble mean of the 450 

analogs (15 members x 30 analogs each) and the ensemble mean of the 15 

constructed analogs (one for each member) for NA and CA, respectively. Pearson 

correlation coefficient (R), Mean Square Error Skill Score (MSESS), and Bias were 

computed from daily values for each grid point, each month, and each lead day. R is 

able to reflect the correlation between the downscaled ETo with the observed ETo. 

MSESS is a relative skill measure that compares the analog forecast with the 

climatological mean forecast, which was calculated from daily values ± 30 days of the 

forecast date.  The mean square error of the forecasted values (MSEf) and mean 
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square error of the climatological values (MSEc) were calculated for each grid point for 

each month. MSESS can be calculated by Equation 3-7: 

1
f

c

MSE
MSESS

MSE

 
  
 

      (3-7) 

MSESS ranges from -∞ (worse than climatology) to 1 (perfect forecast), with values of 0 

indicating that the forecast has equivalent skill as climatology. Bias measures the mean 

difference between the downscaled ETo and the observed ETo through Equation 3-8: 

 
1

1 ˆ
N

obs downscaled

i

Bias P P
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        (3-8) 

where N is the number of days for this grid and this month. 

Probabilistic Forecasts 

The overall skill for probabilistic forecasts was evaluated using the modified 

Linear Error in Probability Space (LEPS) (Piechota et al., 2001; Potts et al., 1996). The 

modified LEPS measures the distance between the forecast and the observation in 

cumulative distribution space. The LEPS score (S) is defined as: 

  113 22  ooffof PPPPPPS      (3-9) 

where Pf and Po are the probabilities of the forecast and observation from their 

respective empirical cumulative distributions.  Values of S range from 2 to -1 and correct 

forecasts at the extremes score higher than those in the middle of the distribution, which 

means it gives relatively more penalty when forecasting events around average values, 

but gives relatively higher scores and less penalty for correct forecasts of extreme 

events (Potts et al., 1996; Sobash et al., 2011; Zhang and Casey, 2000). The value of S 

can be expressed as a skill score with a range 100 to -100%, where a skill score of 
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100% indicates a perfect forecast and a skill of 0% indicates a skill score equivalent to 

climatology: 





mS

S
SK

100
      (3-10) 

where the denominator is the maximum or minimum possible value of S depending on 

whether the numerator is positive or negative.  If the numerator is positive, Sm is 

calculated as the best possible forecast, using Equation 3-9 with Pf = Po.  If the 

numerator is negative, Sm is calculated as the worst possible score using equation 3-9, 

with Pf = 0 for Po ≥ 0.5 and Pf = 1 for Po < 0.5. 

The Brier Skill Score (BSS) was used to evaluate the skill of probabilistic 

forecasts for five categories, including terciles (upper, middle, and lower) and extremes 

(10th and 90th percentiles). The BSS is written as (Wilks, 2011): 

1.0
f

c
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BSS
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         (3-11) 

where BSf  is the Brier score of the forecast and BSc is the Brier score of climatology, 

which was computed from daily values ± 30 days of the forecast date. The BSf  and BSc 

were calculated as: 
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where n is the number of forecasts and observations of a dichotomous event, pi
f and pi

c 

are the forecasted probability of the event using the forecasts and climatology, 
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respectively, and Ii
o = 1 if the event occurred and Ii

o = 0 if the event did not occur. The 

BSS ranges between -∞ to 1.0, and values of the BSS of 1 indicate perfect skill and 

values of 0 indicate that the skill of the forecast is equivalent to climatology. 

In addition to LEPS skill score and BSS, Relative Operating Characteristic (ROC) 

diagrams (Sobash et al., 2011; Wilks, 2011) and reliability diagrams (Wilks, 2011) were 

used to evaluate the resolution and reliability across the study region and period. The 

ROC diagram compares hit rates to false alarm rates at different forecast probability 

levels and is a measure of how well the probabilistic forecast discriminates between 

events and non-events.  An ROC curve that lies along the 1:1 line indicates no skill and 

a curve that is far towards the upper left corner indicates high skill. The reliability 

diagram indicates the degree that forecast probabilities match observed frequencies. An 

overall measure of the reliability of the forecasts can be assessed by the deviation of 

the reliability curve from the diagonal. For a perfectly reliable forecast system, the 

reliability curve is aligned along the diagonal.  Curves below (above) the diagonal 

indicate over-(under-) forecasting, the nearer the curve to horizontal, the less resolution 

of the forecast. 

Results and Discussion 

The efficacy of the CA and NA methods were evaluated for the southeastern 

United States both in time (summarized for the region by month) and in space.  The 

results for both deterministic and probabilistic forecasts using NA and CA follow.  

Evaluation of Deterministic Forecasts 

Table 3-1 shows a comparison of the annual and monthly mean ETo from the 

FAO, NARR-ETo, and downscaled ETo by CA and NA. While both of the downscaled 

ETo matched quite well with the NARR-ETo, there were biases compared to the FAO 
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ETo. This bias was likely caused by the bias of the NARR data itself and not the analog 

downscaling methods or the GFS reforecasts. While this bias could be corrected by 

applying the analog downscaling methods and the GFS reforecasts to station 

observations instead of NARR, such long-term and spatially complete  daily 

observations of all the meteorological variables for the PM equation are not available in 

this region.    

Figure 3-2 shows the average monthly and annual ETo from Oct 1979 to Sep 

2009 for NARR-ETo and the ensemble mean of downscaled ETo analogs for CA and 

NA. Figure 3-2a and 3-2b compares the monthly spatial average and extreme (10th and 

90th percentile) NARR-ETo to the corresponding downscaled ETo forecasts by CA and 

NA in lead days 1 and 5 over the study period. Both of the downscaling methods 

successfully reproduced the mean and extreme monthly ETo cycle, with lead day 1 

forecasts more closely matching NARR-ETo compared to lead day 5 forecasts. Figure 3-

2 also indicates that the upper extreme forecasts were underestimated in warm months 

(May to September) and overestimated in cool months (January and December) for 

both methods. For the lower extreme forecasts, a slight overestimation was found in 

warm months; and the NA produced more exaggerated forecasts of high and low 

extreme events compared to CA. Figure 3-2c and 3-2d show the spatially averaged 

annual total NARR-ETo and statistically downscaled ETo forecasts using CA and NA in 

lead day 1 and 5 over the study period. It indicates that the mean and extreme annual 

ETo over the study period were accurately downscaled by both two methods. The 

forecast in lead day 1 showed better correspondence than in lead day 5. The upper 
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extreme forecasts were slightly overestimated by both methods with NA showing more 

exaggeration; and the lower extreme forecast was overestimated by NA only.  

Table 3-2 shows the overall mean indices (R, MSESS, and Bias) to quantify the 

deterministic forecast skill for CA and NA in lead day 1 and 5.  All of the three indices 

indicate CA had higher skill than NA for both lead day 1 and 5 forecasts, with the 

exception that NA had less Bias than CA for lead day 5. The higher R value of CA 

demonstrates the downscaled ETo forecasts using CA were more closely associated to 

the NARR-ETo than those using NA; the higher MSESS value of CA indicates that the 

downscaled ETo forecasts using CA were better than using NA relative to historic mean 

climatology; the lower absolute Bias value of CA for lead day 1 implies the mean 

difference between downscaled ETo forecasts using CA and the NARR-ETo was smaller 

than those using NA.  

In Figure 3-3, the monthly skill for CA and NA showed notable differences 

between lead day 1 and 5. For lead day 1 forecasts, the skill was similar between the 

two methods in terms of all the three metrics, with CA showing greater Bias in August - 

October and smaller Bias in January - April. Both CA and NA showed less skill in lead 

day 5 than lead day 1, with NA showing less skill than CA in lead day 5 forecasts. In 

lead day 5, the R values of CA were slightly higher than NA in July - September and 

significantly higher than NA in other months. MSESS values of CA had significantly 

higher skill than NA in January – March, August, and November, and slightly lower or 

higher skill in other months. CA showed less Bias than NA over 10 of 12 months, with 

May and November having slightly greater Bias. The MSESS of both methods were 



 

69 

near or less than 0 over the 12 months in lead day 5, indicating those forecasts were no 

better than climatology. 

The skill of CA and NA showed a similar spatial pattern in terms of R and 

MSESS (Figure 3-4a and3-4b). Expectedly, both methods had higher skill in lead day 1 

than lead day 5. Across the study area, both methods had the lowest skill in the Florida 

peninsula and the more mountainous region at the confluence of North Carolina, South 

Carolina and Georgia. This may be due to the topographic effects and the influence of 

the sea breeze over the Florida peninsula (e.g. Marshall et al., 2004; Misra et al., 2011), 

which are not well-resolved in the coarse-scale forecasts. In Figure 3-4c, CA and NA 

showed different Bias patterns, with positive Bias for CA and negative Bias for NA 

across most of the region.  

Figure 3-5 shows the R, MSESS, and Bias as a function of month and lead day 

for CA and NA. Overall, the skill decreased with lead day, and the skill of CA was 

slightly higher than NA. For both methods in lead day 1, the skills in cool months 

(December – March) were higher than in warm months (May – November). The skill 

decreased dramatically from lead day 1 to 5 and remained near zero after.  This is 

something of a consequence of the analog methods and the number of analogs 

selected (30 for each of 15 members); the skill of the forecasts tend to reduce to the 

climatological forecast when the analog selection based on RMSE approaches a 

random process (at increasing lead days) from the pool of potential analogs rather than 

becoming notably worse than climatology.   

CA showed slightly higher skill than NA in terms of all the indices for deterministic 

forecasts. This is likely due to the different treatment of analogs between the two 
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methods. CA transformed the linear relationship between the analogs and the forecast 

target at the coarse grid to the finer grid and thus the target forecast in the finer grids 

can be calculated by the weighted analogs. NA did not consider the relative importance 

of the analogs to predict the target forecast; it simply took the ensemble mean of all the 

analogs by assuming all the analogs had equal weights. It is important to note that the 

values of R between downscaled ETo forecasts using CA and the NARR-ETo is 

expected to be lower compared to other studies which have downscaled coarse-scale 

reanalysis products rather than actual forecasts (e.g. Abatzoglou and Brown, 2012; 

Hidalgo et al., 2008; Maurer and Hidalgo, 2008). Also, the daily Tmax and Tmin and the 

RH data used here were approximated, and the Rs data were from the R2 climatological 

mean. Similar to the multivariate adapted constructed analogs (MACA) developed by 

Abatzoglou (2012), our approach performed jointly for Tmax, Tmin, Tmean, u2, RH and Rs 

by using the PM equation to calculate ETo, so that the physical relationships among the 

variables were considered as well as their relative importance when selecting analogs.  

It is likely that different variables (e.g. Rs vs. u2) have different relative importance to the 

estimation of ETo using the PM equation at different times of year. 

Evaluation of Probabilistic Forecasts  

The skill of probabilistic forecasts was evaluated based on the overall forecast 

(LEPS) and categorical forecasts (BSS, ROC, and reliability diagrams). Table 3-3 

shows the overall mean of LEPS skill score and BSS for CA and NA in lead days 1 and 

5. For the lead day 1 forecast, while CA had higher LEPS skill score than NA, the BSS 

was lower than NA in all five categories. This result could be due to the fact that the two 

verification methods are based on different scoring objectives. BSS measures the 

departure of the forecasts from the actual observations  based on a binary system, 
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assigning 0 for no events and 1 for events that occurred depending on whether the 

observations fall in a given category or not. While the LEPS skill score measures the 

departure between forecasts and observations in cumulative probability space by giving 

more penalty when forecasting events near average values and less penalty for 

forecasts of extreme events. In addition, the CA ensemble was notable smaller than the 

NA ensemble (even though the original number of natural analogs selected was the 

same for both). Figure 3-6 shows the monthly mean skill scores for evaluating the 

downscaled probabilistic forecasts using CA and NA methods in lead days 1 and 5. The 

LEPS skill score showed the forecasts had greater skill in warm months than in cool 

months for both methods, and the skill of CA was higher than NA across the 12 months 

in lead day 1, while the two skill scores were almost the same in lead day 5. On the 

contrary, according the BSS, NA generally showed higher skill than CA in all the 12 

months. This was likely due to the relatively smaller ensemble size of CA compared to 

NA.  Both methods were better than climatology in lead day 1 except the middle tercile 

forecasts of CA in warm months. In lead day 5, NA still performed as well as climatology 

while the skill of CA has dropped below 0. The lower tercile forecasts have the highest 

skill and then followed by upper tercile, lower extreme, upper extreme, and middle 

tercile forecasts.  

Figures 3-9 and 3-10 show the resolution and reliability of the five categorical 

forecasts of CA and NA in lead days 1 and 5. The ROC diagrams in Figure 3-9a to 3-9d 

reveal the downscaled forecasts using CA had slightly less resolution than NA in both 

lead day 1 and 5; and the resolution for both CA and NA was higher in lead days 1 than 

in lead day 5. The reliability diagrams in Figure 3-9e to 3-9f indicated the reliability (bias) 
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of NA was slightly higher (lower) than CA, notably over-forecasting at middle and high 

probabilities for CA in lead day 1. While the reliability for NA only showed a slight 

difference between lead day 1 and lead day 5, CA showed much higher reliability (lower 

bias) in lead day 1 and lead day 5.    The difference in resolution and reliability of CA 

and NA was likely due to the smaller ensemble size of CA. 

The temporally averaged LEPS skill score and BSS are shown in space across 

the study area in Figure 3-8 and 3-9 respectively. Overall, CA had larger areas than NA 

with high LEPS skill score and with low BSS.  Similar to Figure 3-4, 3-8 and 3-9 showed 

the skill was the lowest in southern Florida and at the confluence region of North 

Carolina, South Carolina, and Georgia. Again, the skill of lead day 1 forecasts was 

higher than lead day 5 forecasts, and the lower tercile forecasts had the largest area 

with high BSS followed by upper tercile, lower extreme, upper extreme, and middle 

tercile forecasts.  

Figure 3-10 and 3-11 show the LEPS skill score and BSS as a function of month 

and lead day for CA and NA, respectively. Similar to Figure 3-5, both Figure 3-10 and 3-

11 show the skill decreased with the increase in lead day. In Figure 3-10, the BSS for 

CA indicates four of the five categorical forecasts were skillful in lead day 1 and dropped 

to almost no skill in lead day 3 with the middle tercile forecast showing no skill in all lead 

days. However, the overall forecasts showed some skill in lead day 9 in terms of the 

LEPS skill score. In Figure 3-11, the LEPS skill score for NA is notably lower than CA in 

lead day 1, while the level of skill was similar for NA and CA in subsequent lead days. 

The five categorical forecasts for NA had at least 5 skillful lead days, and the forecasts 

for lower extreme, lower tercile, and upper tercile were skillful up to lead day 7.  
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Based on these results, the skill of NA was higher than CA in terms of 

probabilistic forecasts. As mentioned before, CA transformed the weights of analogs in 

coarse resolution to fine resolution so that the deterministic forecast is the weighted 

average of the analogs in fine grids, and the probabilistic forecast was generated with 

the deterministic forecast for each of 15 members. NA directly used all the analogs to 

the produce probabilistic forecast without combining them into deterministic forecasts. 

This indicates that combining the analogs as done for CA did not improve the skill of 

probabilistic forecasts.  While the deterministic forecast of each of the 15 members may 

be an improvement over the overall mean of the analogs (the deterministic forecast 

from NA), the resulting decrease in the size of the ensemble decreased the probabilistic 

skill. Compared with the result of Tian and Martinez (2012) who, following the approach 

of Hamill and Whitaker (2006a) and Hamill et al. (2006b), used 75 natural analogs from 

the ensemble mean of the 15 GFS members, the ensemble of 30 analogs from each of 

the 15 members shows slightly higher skill. While the LEPS skill score and BSS 

conflicted in indicating whether CA or NA produced superior probabilistic forecasts, 

using more than one skill assessment scheme is necessary and is also of practical 

value in the evaluation of the model forecasts in different aspects (Zhang and Casey, 

2000). 

Concluding Remarks 

The use of two analog-based methods, CA and NA, was shown to perform well in 

downscaling ETo forecasts to a fine resolution suitable for local hydrological 

applications. The skill of CA was considered greater than NA in terms of deterministic 

forecasts, while NA showed higher skill than CA in probabilistic forecasts in terms of 

most measures. CA is advantageous for deterministic forecasts due to the combining of 
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analogs based on their weights transferred from the coarse resolution. But this 

procedure was not found to improve the probabilistic forecast skill, likely due to the 

reduction in ensemble size. However, users can employ either of these two methods 

based on their application purposes. Differing from the methodology of Hamill and 

Whitaker (2006a) and Hamill et al. (2006b) and adopted by Tian and Martinez (2012), 

our NA method was applied to each of the 15 members of the GFS reforecasts instead 

of the ensemble mean; by doing so, a greater number of closest matching analogs 

could be used to generate the ensemble forecasts even if fewer analogs were selected 

for each member. The skill of probabilistic forecasts using this approach was found to 

be slightly higher than the ensemble mean NA forecasts in the southeastern USA of 

Tian and Martinez (2012).  

Similar to MACA developed by Abatzoglou and Brown (2012), the advantages of 

our methods in using analogs is that they avoid interpolation based methods and 

perform jointly for Tmax, Tmin, Tmean, u2, RH and Rs by using the PM equation to calculate 

ETo, so that the physical relationships among variables and their relative importance 

were considered when selecting analogs. Compared with the ETo forecasts of Tian and 

Martinez (2012) using NA to downscale the ensemble mean of 15 members of GFS 

reforecasts, this work introduced the CA method to downscale both deterministic and 

probabilistic forecasts using each of the 15 members of the GFS reforecasts. Although 

these two analog methods achieved what can be considered to be good ETo forecasts, 

the skill was still influenced by features that were not well-resolved in the coarse-scale 

forecasts.  
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Fine resolution ETo forecasts that have been bias corrected using a suitably long 

archive of historical forecasts, such as those presented in this work, are important for 

short-term planning of water and irrigation management. Such downscaled ETo 

forecasts can be readily incorporated into short-term hydrological models, irrigation 

scheduling models, and municipal supply demand models by the water and irrigation 

management communities and can thus improve the reliability of decisions and reduce 

risk. In addition, this approach used in this work can be used with coarse scale 

reanalysis data in regions where observational meteorological networks are sparse 

and/or incomplete in order to provide high spatial resolution and longer-term estimates 

of daily ETo.  
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Table 3-1. A comparison of average ETo from FAO, NARR, and GFS downscaled lead 
day 1 forecast by CA and NA 

Data Average ETo (mm) 

 
Annual Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

FAO 1313 55 65 101 130 150 157 160 148 122 100 70 56 

NARR 1100 44 52 80 105 133 137 137 127 105 82 56 43 

CA  1099 45 53 80 106 131 135 136 123 103 82 58 46 

NA 1109 46 54 81 107 131 135 136 125 105 83 59 46 
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Table 3-2. The overall mean R, MSESS, and Bias for CA and NA in lead day 1 and 5.  

Lead day Method Metrics for deterministic forecast 

  
R MSESS Bias 

1 CA 0.63 0.35 -0.005 

 
NA 0.62 0.33 -0.033 

5 CA 0.27 -0.07 0.040 

 
NA 0.18 -0.11 -0.011 
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Table 3-3. The LEPS skill score and BSS for CA and NA in lead day 1 and 5. LEPS skill 
score and BSS are respectively revaluating the overall skill and categorical 
skill; the five categories represent <10%, <1/3. 1/3-2/3, >2/3, >90%. 

Lead 
day 

Method Metrics for probabilistic forecast 

  
LEPS BSS 

  
Overall 

Lower 
extreme 

Lower 
tercile 

Middle 
tercile 

Upper 
tercile 

Upper 
extreme 

1 CA 30.8 0.207 0.215 -0.097 0.185 0.053 

 
NA 20.8 0.221 0.250 0.046 0.238 0.090 

5 CA 6.4 -0.102 -0.129 -0.135 -0.102 -0.107 

 
NA 7.3 0.020 0.046 0.002 0.067 -0.006 



 

79 

 
Figure 3-1. The location of the five states in the southeastern United States and the 

map of grids for each dataset.  



 

80 

 
Figure 3-2. Comparison of the average monthly and annual ETo from Oct 1979 to Sep 

2009 for the NARR-ETo and ensemble mean of ETo analogs: (a) average 
monthly ETo for lead day 1, (b) average monthly ETo for lead day 5, (c) 
average annual ETo for lead day 1, (d) average annual ETo for lead day 5. 
The gray zones represent 10 to 90 percentile of NARR-ETo, reflecting spatial 
variation of the monthly and annual ETo over the southeastern United States. 
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Figure 3-3. Comparison of the average R, MSESS, and Bias for the CA and NA 
methods as a function of the months of the year: (a) lead day 1, (b) lead day 
5. 
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Figure 3-4. The average values of the metrics for the deterministic forecasts for CA and 
NA methods in lead day 1 and 5 across the southeastern United States: (a) 
the correlation coefficient between daily forecasted ETo and daily NARR ETo, 
(b) the mean square error skill score, (c) the bias.  
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Figure 3-5. R and MSESS of the forecasts as a function of time and the lead time of the 
forecast: (a) the CA, (b) the NA.
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Figure 3-6. Comparison of the monthly mean LEPS skill score for the overall (upper 
row) forecasts and BSS for the tercile (middle row) and extreme (bottom row) 
forecasts using the CA and NA methods as a function of the months of the 
year: (a) lead day 1, (b) lead day 5.  
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Figure 3-7. ROC and reliability diagrams: (a) ROC diagrams of the CA method in lead 

day 1, (b) ROC diagrams of the CA method in lead day 5, (c) ROC diagrams 
of the NA method in lead day 1, (d) ROC diagrams of the NA method in lead 
day 5; (e) to (h) as in (a) to (d), but for Reliability diagrams.  
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Figure 3-8. The average LEPS skill score for CA and NA methods in lead day 1 and 5 

across the southeastern United States. 
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Figure 3-9. The average BSS of five categorical forecasts for CA and NA methods in 

lead day 1 and 5 across the southeastern United States. 
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Figure 3-10. LEPS skill score and BSS of the CA method for overall and categorical 

forecasts as a function of time and the lead time of the forecast: (a) Lower 
extreme forecast, (b) Lower tercile forecast, (c) Middle tercile forecast, (d) 
Upper tercile forecast, (e) Upper extreme forecast, (f) Overall forecast. 
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Figure 3-11. Same as Figure 3-10 but for the NA method. 
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CHAPTER 4 
THE GEFS-BASED DAILY REFERENCE EVAPOTRANSPIRATION (ETo) FORECAST 

AND ITS IMPLICATION FOR WATER MANAGEMENT IN THE SOUTHEASTERN 
UNITED STATES 

Chapter Introduction 

Medium-range (1 to 2 weeks ahead) reference evapotranspiration (ETo) 

forecasts can provide valuable information for water resource and irrigation 

management. Such ETo forecasts can be incorporated into hydrological models, water 

demand models, and irrigation scheduling models to reduce risk and improve reliability 

of decision making (e.g. Srivastava et al. in press). When adequate meteorological data 

input are provided, ETo can be estimated using the FAO-56 Penman-Monteith (PM) 

equation, which is considered to be the standard method to compute ETo (Allen et al. 

1998).  

Daily medium-range ETo forecasts can be made using statistical models or 

Numerical Weather Prediction models (NWP). A typical statistical model may use prior 

ETo values calculated from ground-based observations as the forecast (e.g. Trajkovic et 

al. 2003). The main drawbacks of such statistical models are that they are black-box 

models and cannot be implemented in other locations without local training (e.g. Kumar 

et al. 2011), and the ground-based observations are often not available (e.g. Srivastava 

et al. 2013).  In recent years several works have been conducted to predict daily ETo 

using weather forecast data as inputs to the PM equation. The operational forecast 

products include the Experimental Forecast Reference Crop Evapotranspiration (FRET) 

produced by the National Weather Service using output of the NWPs (e.g. 

http://www.wrh.noaa.gov/forecast/evap/FRET/FRET.php?wfo=sto). Many studies mainly 

included public weather forecast messages (Cai et al. 2007; Cai et al. 2009) and 
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forecasts from mesoscale NWPs (Ishak et al. 2010; Silva et al. 2010; Srivastava et al. 

2013) to predict ETo. However, the availability of the complete public weather forecast 

messages for the PM equation could not always be guaranteed over a large area at fine 

resolution (Cai et al. 2007), and while mesoscale NWPs could produce sufficient 

meteorological data for the PM equation over a large region at a high resolution, it has 

been noted to be very time-consuming and the output suffered from systematic errors 

(Ishak et al. 2010; Silva et al. 2010).  

As an alternative to the above methods, a retrospective forecast (reforecast) 

archive of a global NWP could be used to forecast daily ETo and correct systematic 

errors. Archives of the first generation reforecast of the Global Forecast System (GFS) 

(hereafter reforecast1) (Hamill et al. 2006) with a forecast analog technique (Hamill and 

Whitaker 2006) have been applied to produce skillful ensemble forecasts of daily ETo at 

high resolution (Tian and Martinez 2012a, 2012b). However, since the reforecast1 did 

not include sufficient meteorological variables for the PM equation, the forecasting skill 

was largely impaired due to the need to approximate several variables. The second-

generation reforecast dataset (hereafter reforecast2) was recently developed through 

archiving the forecast outputs of the operational 2012 Global Ensemble Forecast 

System (GEFS) (Hamill et al. 2013). Compared to the reforecast1, the reforecast2 used 

a newer version of the weather forecast model and archived a larger set of output data 

at a higher spatial and temporal resolution (Hamill et al. 2013). Thus, using the forecast 

analog technique with the reforecast2 could potentially improve the daily ETo forecast 

skill.  
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In this study, we downscaled and bias-corrected medium-range probabilistic 

forecasts of daily ETo at high spatial resolution using the forecast analog approach with 

the reforecast2 dataset in the southeastern United States (SEUS) (Alabama, Georgia, 

Florida, North Carolina, and South Carolina). The ETo was calculated using the PM 

equation and the probabilistic forecasts of daily ETo were evaluated compared to the 

climatology of the forcing dataset of the National Land Data Assimilation System phase 

2 (NLDAS-2) for all months and leads over the SEUS.  A water deficit forecast driven by 

the ETo forecasts was evaluated to explore its usefulness for water management.  

Data 

More than 28 years (Dec 1984 to Jul 2013) of reforecast2 data are currently 

archived (Hamill et al. 2013) and five variables are particularly useful for ETo estimation. 

This work used the ensemble mean of the 11-member forecasts of 2-m mean 

temperature (Tmean), maximum temperature (Tmax), minimum temperature (Tmin), in-

coming solar radiation (Rs), and 10-m wind speed (u10 or Wind) for all 16 lead days at 

1.0o×1.0o (~100 km) over the SEUS (90°W-74°W, 24°N-28°N) 

(http://www.esrl.noaa.gov/psd/forecasts/reforecast2/download.html) (Figure 4-1).  The 

forecasts are archived every three hours for the first 8 lead days and six hours from lead 

day 9 to lead day 16. From lead day 1 to 16, Tmean and Rs were averaged into daily 

values; daily Tmax and Tmin were obtained by comparing three or six hour Tmax and 

Tmin on each day; u10 was estimated from the magnitude of the orthogonal U and V 

components of 10-m wind speed and then averaged into daily values. Wind speed at 2-

m height (u2) was estimated from u10 (Allen et al. 1998): 
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where z is the measurement height (10 m). For this work, we used reforecast2 data 

from 1 October 1985 to 31 September 2012. 

Since long-term continuous daily observed data for ETo estimation were 

generally not available over the SEUS, we used the forcing dataset of the NLDAS-2 (Xia 

et al. 2012a; Xia et al. 2012b) as a surrogate for observations. The forcing data of 

NLDAS-2 has a resolution of 0.125o × 0.125o (~12 km) (Figure 4-1) over North America. 

We obtained relevant variables at an hourly time step (temperature, Rs, and u10) over 

the SEUS (89°W-75°W, 25°N-37°N). Daily Tmax and Tmin were obtained by comparing 

1-hour values on each day; daily Tmean was the average of daily Tmax and Tmin; daily 

Rs and u10 were converted by averaging hourly values into daily values. The u10 was 

converted to u2 using Equation 4-1.   

Observations from two weather stations in the SEUS (Figure 4-2) were selected 

to compare with the NLDAS-2 ETo, Tmax, Tmin, Rs, and Wind extracted at the same 

locations. These two stations included Lake Alfred, FL (28.10oN, -81.71oW), and 

Raleigh, NC (38.88oN, -78.79oW). The Lake Alfred station data was from the Florida 

Automated Weather Network (FAWN), and the Clayton station (ID: CLAY) data was 

from the North Carolina Climate Retrieval and Observations Network of the Southeast 

Database (NC CRONOS).  Both stations are daily observations covering the period 

from 1 January 1998 to 31 December 2012. Both of the Lake Alfred and Clayton 

stations included Tmax, Tmin, Tdew, Rs, Wind, and ETo, where ETo was calculated by 

the FAO-56 PM equation.  
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Methods 

ETo Calculation 

The FAO-56 PM equation (Allen et al. 1998) was used to estimate daily ETo 

(mm/day): 
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where Rn is the net radiation at the crop surface [MJ m-2 day-1]; G is soil heat flux 

density [MJ m-2 day-1], and was considered to be negligible for the calculations; T is the 

mean air temperature at 2-m height [oC]; u2 is wind speed at 2-m height [m s-1]; es is 

saturation vapor pressure [kPa]; ea is actual vapor pressure [kPa];  is the slope of the 

saturation vapor pressure curve [kPa oC-1]; and  is the psychrometric constant [kPa oC-

1]. Details of the calculation of each of the terms in Equation 4-2 can be found at Allen et 

al. (1998). Allen et al. (1998) recommended using the following equation to 

approximated Tdew using Tmin:  

mindew oT T K         (4-3) 

where Ko = 0°C for humid and subhumid climates and Ko = 2°C for arid and semiarid 

climates. Since the reforecast2 and forcing data of NLDAS-2 did not include dew point 

temperature (Tdew) which are required to calculate ea, we approximate Tdew using 

Equation 4-3 with Ko = 0°C. It is worthwhile to note that by assuming the mixing ratio is 

approximately equal to the specific humidity (SH, kg/kg), ea can also be estimated with 

SH and surface pressure (P, kPa) fields available in the reforecast2 and forcing data of 

NLDAS-2 using Equation 4-4: 
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To check the approximation of ea using Tmin, we compared the daily ea(SH) (ea 

calculated using NLDAS-2 daily SH and P) with  the daily ea(Tmin) (ea approximated 

using NLDAS-2 daily Tmin) from 1985 to 2012 at two locations, Saint Leo, FL and 

Smithfield, NC in 12 months (Figure 4-2). Figure 4-3 shows that ea was slightly over 

estimated by Tmin in June, July, and August, but ea(Tmin) matched quite well with ea(SH) 

in other months, which indicated that the approximation using Tmin was generally valid.  

The Analog Method 

The fine resolution ETo forecasts were produced using a moving spatial window 

forecast analog approach (Hamill and Whitaker 2006; Hamill et al. 2006). This method 

is briefly described below. The first step was to find the closest analog dates for one 

lead day forecast within a domain of sixteen grid points of GEFS (Figure 4-1). That is, 

the root mean square error (RMSE) over the 16 grid points of GEFS was computed by 

comparing a given day’s ETo forecast with the historical ETo forecasts within a ±45 day 

window of the same day of the year at the same lead. For example, a 15 February 2012 

forecast at lead day 5 over central Florida (the 16 GEFS grid points) was compared 

against the reforecasts from 1 January to 1 April 1985-2011 (i.e. 2457 forecasts) at the 

same lead day. The RMSE between the current forecast and each reforecast was 

computed and averaged over the 16 grid points in Figure 4-1. The analog dates for the 

day’s ETo forecast were selected as the 75 dates with the lowest RMSE. In the second 

step, the analogs for the forecast of the day were selected on the dates of the 75 

analogs at each of the grid points of the NLDAS-2 dataset in Figure 4-1. Thus, 75 

analogs were chosen for this forecast to generate an ensemble forecast for each grid 
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point of the NLDAS-2. This process was repeated for the other forecast lead days and 

the other locations across the SEUS, and the forecast over the entire SEUS were 

generated by tiling together the local analog forecasts. Leave-one-out cross-validation 

was conducted by excluding the current year from the list of potential analogs.  

Forecast Verification 

The overall skill for the probabilistic forecasts was evaluated using the modified 

Linear Error in Probability Space (LEPS) skill score (Potts et al. 1996). The modified 

LEPS measures the distance between the forecast and the observation in the 

cumulative distribution space and the LEPS score (S) is defined as: 

  113 22  ooffof PPPPPPS     (4-5) 

where Pf and Po are the probabilities of the forecast and observation from their 

respective empirical cumulative distributions.  The value of S can be expressed as a 

skill score with a range -100 to 100%, where a skill score of 100% indicates a perfect 

forecast and a skill of 0% indicates a skill score equivalent to climatology (Piechota et 

al. 2001; Potts et al. 1996), where the climatology was an ensemble of a running ±30 

day window. The LEPS skill score was evaluated at each grid point for each month and 

lead day. 

The Brier Skill Score (BSS) was used to evaluate the skill of probabilistic 

forecasts for five categories, including terciles (upper, middle, and lower) and extremes 

(10th and 90th percentiles). The BSS is written as (Wilks 2011): 

1.0
f

c

BS
BSS

BS
         (4-6) 
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where BSf  is the Brier score of the forecast and BSc is the Brier score of climatology, 

which was computed from daily values ± 30 days of the forecast date. The BSS ranges 

between -∞ to 1.0, and values of the BSS of 1 indicate a perfect forecast and values of 

0 indicate that the skill of the forecast is equivalent to climatology. The BSS was 

evaluated at each grid point for each month and lead day. 

Reliability diagrams (Sobash et al. 2011; Wilks 2011) and Relative Operating 

Characteristic (ROC) diagrams (Wilks 2011) were used to evaluate the resolution and 

reliability across the study area and period. The reliability diagram indicates the degree 

that forecast probabilities match observed frequencies. An overall measure of the 

reliability of the forecasts can be assessed by the deviation of the reliability curve from 

the diagonal. For a perfectly reliable forecast system, the reliability curve is aligned 

along the diagonal.  Curves below (above) the diagonal indicate over- (under-) 

forecasting, the nearer the curve to horizontal, the less reliable the forecast. The ROC 

diagram compares hit rates (H) to false alarm rates (F) at different forecast probability 

levels and is a measure of how well the probabilistic forecast discriminates between 

events and non-events. The H and F are defined as follows: 

CE
H

CE FE



        (4-7) 

FN
F

FN CN



       (4-8) 

where CE is the correctly forecast events, FE is the falsely forecast events, FN is the 

falsely forecast non-events, and CN is the correctly forecast non-events. An ROC curve 

that lies along the 1:1 line indicates no resolution and a curve that is far towards the 
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upper left corner indicates high resolution. The ROC and reliability diagrams were 

evaluated by pooling all grid points and months for each lead day.  

Irrigation Scheduling Model  

A simple model based on the Agricultural Reference Index for Drought (ARID) 

(Woli et al., 2012, 2013; Khare et al., 2013) was used for irrigation scheduling. The 

ARID is a generic model that uses a budget-based simple soil water balance for a 

reference grass having a 400-mm soil layer with evenly distributed roots. The irrigation 

scheduling was made in terms of the water deficit (WD, mm) component of the ARID 

model, which is defined as: 

oWD ET ET        (4-9) 

where ET is actual evapotranspiration (mm) and ETo is the reference 

evapotranspiration (mm). The water balance components include precipitation, surface 

runoff, deep drainage, and evapotranspiration. The soil water content on the ith day is 

calculated from the soil water content on the previous day and the day’s inputs and 

outputs: 

 1i i i i i iW W P ET D R          (4-10) 

where Wi is soil water (mm) on the ith day, Wi-1 is soil water (mm) on the i-1th day, Pi is 

precipitation (mm) on the ith day, Di is deep drainage (mm) on the ith day, and Ri is 

surface runoff (mm) on the ith day. The ETo is estimated using the PM equation. The 

ET is estimated based on the water uptake model developed by Meinke et al. (1993): 

     
( )wpMUF Z

ET
ETo

  
 


   oif ET ET

else


        (4-11) 

where  is the volumetric soil moisture content (m3 m-3), wp is the volumetric soil 

moisture content at the wilting point (m3 m-3) , MUF is the maximum uptake factor (d-1), 
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and Z is the root zone depth.  The surface runoff was calculated using the United States 

Department of Agriculture Natural Resources Conservation Service (USDA NRCS) 

curve number method (NRCS, 1986): 
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      (4-12) 

where CN is the runoff curve number and is dependent on soil type and land cover, I is 

the initial abstraction (mm), and S is the potential maximum retention (mm). In ARID, 

deep drainage is calculated as: 

 
0

fc fcDC Z if
D

else

      
 


        (4-13) 

where fc is the volumetric soil content at field capacity (m3 m-3) and DC is a drainage 

coefficient (m3 m-3 d-1).  

Since ARID assumes a reference grass having a 400-mm soil layer with evenly 

distributed roots, it only requires site-specific weather data as a site-specific input. 

Following Woli (2012), default values for the other parameters were used in this study 

(DC = 0.55 m3 m-3 d-1, Z = 400 mm, CN = 65, MUF = 0.096 d-1, wp = 0.06 m3 m-3, fc = 

0.12 m3 m-3).  The 27 years of daily WDs (from 1 October 1985 to 31 September 2012) 

at five locations in the SEUS (Figure 4-2), including Smithfield, NC (35.52oN, -78.35oW), 

Gainesville, GA (34.30oN, -83.86oW), Tifton, GA (31.45oN, -83.48oW), Saint Leo, FL 

(28.34oN, -82.26oW), and Perrine, FL (25.58oN, -80.44oW), were calculated using the 

ARID model with the input from the daily NLDAS-2 precipitation (aggregated from hourly 

precipitation, mm/day) and ETo (mm/day).  
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Evaluation of Analog Forecast of WD  

The ETo forecast analogs and NLDAS-2 precipitation were used as inputs into 

the ARID model to generate the WD analog forecast. As a comparison, the WD 

climatology was generated using the NLDAS-2 ETo climatology (ensemble of a running 

±30 day window) and NLDAS-2 precipitation. The calculated NLDAS-2 WDs were used 

to verify the WD forecasts. The ensemble forecast of both analog and climatology were 

evaluated using the p-factor and r-factor (Yang et al. 2008). The p-factor is the percent 

of observations within the 2.5% and 97.5% percentiles of the ensemble forecast. The r-

factor is the relative width of the 2.5% and 97.5% percentiles of the ensemble forecast. 

It is calculated as: 
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    (4-14) 

where n is the number of days, ,97.5%i

M

ty  and ,2.5%i

M

ty  represent the 2.5% and 97.5% 

percentiles of the ensemble forecast at day ti, and obs is the standard deviation of the 

observations. The goodness of the ensemble forecast is judged on the basis of the 

closeness of the p-factor to 100% (i.e., all observations bracketed by the ensemble 

forecast) and the r-factor to 0 (i.e., achievement of rather small ensemble forecast 

range). 

The deterministic WD forecasts were defined as the mean of the analog forecast 

or climatology ensemble, respectively. The Nash-Sutcliffe coefficient (E) and root mean 

square error (RMSE) were employed to evaluate both the deterministic climatology 

forecast and the deterministic analog forecast. The Nash-Sutcliffe coefficient (E) is 

written as (Nash and Sutcliffe 1970): 
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where n is the number of days, 
it

y  and 
i

M

ty  represent the observation and forecast at 

day ti, respectively, and y is the average value of the observations over the entire 

period. The E ranges from −∞ to 1, with the value of 1 corresponding to a perfect match of 

the forecast to the observations and a value of less than 0 represents the forecast is worse than the 

mean of observations. 

Results 

Comparison between Observations and NLDAS-2 

Figure 4-4 shows a comparison of the observed and NLDAS-2 daily ETo, Tmax, 

Tmin, Rs, and Wind for 12 months at Lake Alfred, FL and Clayton, NC in the SEUS. 

While the NLDAS-2 ETo showed greater positive bias at the Lake Alfred station than the 

Clayton station throughout the year, the Tmax and Tmin matched quite well with the 

observations at both stations. The Rs showed higher bias at the Lake Alfred station than 

the Clayton station throughout the year. The wind also showed slightly smaller positive 

bias at the Clayton station than the Lake Alfred station across all months. Since ETo 

was estimated by the FAO-56 PM equation with the inputs of Tmax, Tmin, Rs, and 

Wind, any bias of ETo was due to one or more of these variables. At the Lake Alfred 

station in Florida, the high bias of ETo was likely caused by the high bias of both Rs and 

Wind. The ETo bias was relatively lower in the Clayton station than the at the Lake 

Alfred station, which was likely due to only Wind showing positive bias at this station.  
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Skill of the Analog ETo Forecast 

Figure 4-5 shows the skill scores as a function of month and lead day. For lead 

day 1, the lower and upper tercile forecast skill (BSS) were above 0.4 in cool months 

and above 0.2 in warm months (Figure 4-5b and 4-5d); the lower and upper extreme 

forecast skill (BSS) were between 0.2 and 0.4 throughout the year with the skill higher in 

cool months than in warm months (Figure 4-5a and 4-5e); the middle tercile forecast 

skill (BSS) were the lowest among the five categories with the skill scores above 0 and 

below 0.2 (Figure 4-5c); the overall forecast skill (LEPS skill score) were above 40% in 

cool months and above 20% in warm months. The forecast skill for tercile, extreme, and 

overall forecasts were generally positive up to lead day 7 with the skill scores higher in 

cool months than in warm months and the skill decreased with the increase in lead day.  

Figure 4-6 shows the reliability and ROC diagrams for tercile and extreme 

forecasts for lead days 1 and 5. While the reliability curves showed slight over-

forecasting bias, the curves were along the diagonal for all five categorical forecasts at 

lead days 1 and 5 (Figure 4-6a and 4-6b), which indicated the forecast probability 

matched very well with the observed relative frequency.  All ROC curves with the 

exception of the middle tercile forecasts were far toward the upper-left corner for both 

lead days 1 and 5 (Figure 4-6c and 4-6d), indicating the upper and lower tercile and 

extreme forecasts had very good resolution and could discriminate between events and 

nonevents very well. While the reliability and ROC curves all showed high skill at lead 

day 5, the BSS only showed modest skill. Our explanation is that the reliability and ROC 

curves were created by pooling the forecasts and observations of all grid points and 

months instead of evaluating at each grid point and month before averaging, so that the 
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variability of ETo across locations and seasons produced artificially high skill (Hamill 

and Juras 2006).  

The skill scores for each grid point were calculated by averaging over all months 

for different lead days. Figure 4-7 shows the overall, tercile and extreme forecast skill 

for each grid point over the SEUS for four lead days. The skill decreased with the 

increase of lead days. All forecasts indicated the Florida Peninsula showed the lowest 

skill and the northern portion of the study area generally showed higher skill than the 

southern.  

Evaluation of WD Forecast 

Table 4-1 shows the evaluation of the analog forecasts and climatology of WDs 

(mm) at lead day 1 and 5 at five locations in the SEUS. The analog forecast showed 

better E, RMSE, and r-factor than climatology at all the five locations with the stations in 

Georgia and North Carolina showing better performance than the two stations in Florida 

for both lead days 1 and 5. In terms of the E and RMSE, which evaluates the 

deterministic forecast, the analog-based WD forecast is more accurate than the 

climatology-based WD forecast. There is a tradeoff between the p-factor and r-factor, 

i.e. the percent of observations falling within the upper and lower boundaries of the 

ensemble and the width of the boundaries of the ensemble. While the climatology 

ensemble only shows a slightly higher p-factor than the analog ensemble forecast, the 

analog ensemble forecast shows much lower r-factor than the climatology ensemble. 

This indicates the analog ensemble forecast has a much narrower boundary than the 

climatology ensemble but includes a similar percent of observations as the climatology 

ensemble, i.e. the analog ensemble forecast achieved a better tradeoff than the 

climatology ensemble.  
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Concluding Remarks 

In this work, daily medium-range probabilistic ETo forecasts at high resolution 

were produced using the analog approach with the reforecast2 dataset. The daily ETo 

probabilistic forecast showed skill up to lead day 7. The WD forecasts were generated 

using the daily ETo analog forecast at five locations in the SEUS.  The analog-based 

WD forecast showed high accuracy and small uncertainty at lead days 1 and 5. Since 

the WD is considered to be the amount of water needed for irrigation, this WD forecast 

based on the ETo analog forecast will be useful for irrigation scheduling.  

The daily ETo forecast showed higher skill in cool months than in warm months. 

The lower skill in warm months than in cool months was likely due to convective 

heating. Convective heating is more frequent in summer time than in winter time. Such 

convection could cause different weather conditions such as cloudiness and rainfall at 

small scales, which may not have been well captured by the GEFS model resolution. 

Over space, the skill was higher in the north than in the south of the SEUS with the 

Florida Peninsula showing the lowest skill. This is probably due to the influence of the 

sea breeze over the Florida peninsula (Marshall et al. 2004, Misra et al. 2011).  

Compared to the reforecast1 ETo using either natural analogs of the ensemble 

mean forecast (reforecast1a, Tian and Martinez 2012a) or constructed analogs of all 

forecast members (reforecast1b, Tian and Martinez 2012b), the skill of reforecast2 were 

greatly improved throughout the year (Figure 4-8). For example, the overall forecast skill 

(LEPS skill score) for lead day 1 in January increased from 28% (reforecast1a) and 

37% (reforecast1b) to 43%. Moreover, the ETo forecasts using reforecast1a could only 

produce skillful forecasts up to lead day 5. In contrast to the reforecast1a and 

reforecast1b ETo, the reforecast2 ETo did not show the lowest skill in the mountainous 
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regions at the confluence of North Carolina, South Carolina, and Georgia and the skill of 

the reforecast2 was higher than the reforecast1 at all locations over the SEUS (Figure 

4-8). In moving from the reforecast1 data used in Tian and Martinez (2012a) to the 

reforecast2 data here, the improvement of ETo forecast skill is due to various reasons. 

First, the reforecast2 dataset were generated by the operational version GEFS (Hamill 

et al. 2011), which has more advanced configurations with higher horizontal and vertical 

resolution and more advanced methods for data assimilation and ensemble initialization 

than the 1998 version GFS used by the reforecast1. Second, the reforecast2 provided 

more of the required variables for the PM equation including Tmax, Tmin, and Rs so 

that only one approximation (using Tmin to replace Tdew) was made in this study. By 

contrast, the reforecast1 had a number of variables (Tmax, Tmin, Rs, Tdew, and RH) 

that needed to be approximated in order to use the PM equation (Tian and Martinez, 

2012a). Third, the reforecast2 (~100-km) has much higher spatial resolution than the 

reforecast1 (~250-km). Therefore, the analogs could be selected from a smaller spatial 

domain (reforecast2), which was more likely to find appropriate analogs compared to a 

larger spatial domain (reforecast1).  

For the forecast verification, the use of the forcing dataset of NLDAS-2 instead of 

the North American Regional Reanalysis (NARR) as used by Tian and Martinez (2012a, 

2012b) could also affect the forecast. The NLDAS-2 forcing data was based on the 

interpolation of the NARR fields. Rs was bias-corrected from the interpolated NARR 

using satellite-derived Rs (Xia et al. 2012b) over each grid cell using the ratio of their 

monthly average diurnal cycle. The details of the method for bias-correction can be 

found in Berg et al. (2003) and Pinker et al. (2003). The NLDAS-2 2-m temperature was 
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directly interpolated from NARR with adjustments to account for the vertical difference 

between the NARR and NLDAS-2 fields of terrain height (Xia et al. 2012a). 

Nevertheless, the downscaled and bias-corrected ETo forecasts produced by this work 

are still affected by the biases in the NLDAS-2 fields. By comparing the NLDAS-2 fields 

with station-based observations, we can see biases for ETo, Rs, and Wind in Florida. 

Since the ETo was calculated by the PM equation, the biases of Rs and Wind would be 

the major contribution to the biases of ETo. The ETo has smaller bias in North Carolina 

than in Florida, which was due to the smaller bias of Rs and Wind. While the forcing 

dataset of NLDAS-2 showed bias, we should note that the skill of the forecast is not 

related to the bias of the NLDAS-2 data, since the NLDAS-2 data was used for both 

validation and the selection of forecast analogs.  

It is worth noting that further research could be conducted to find the optimum 

number of analogs and size of the search window to improve the ETo forecast skill (e.g. 

Hamill et al. 2006). Also, ETo forecasts could be verified using ground-based 

observations rather than the forcing data of NLDAS-2.  However, such ground-based 

observations would need to be of a similar length of the reforecast2 dataset in order for 

forecast analog methods to be effective.  In this work Tmin was used to approximate 

Tdew which was found to be generally valid for the humid southeastern US.  This 

approximation should be validated before being applied to other, less humid locations 

(Allen et al. 1998).  
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Table 4-1. Evaluation of ensemble and deterministic forecast of water deficits (WDs, 
mm) at five locations in the SEUS 

Locations Metrics Analog forecast Climatology 

    Lead 1 Lead 5   

Smithfield, NC E 0.87 0.78 0.70 

 
RMSE 0.66 0.86 1.01 

 
p-factor 0.94 0.94 0.98 

 
r-factor 1.14 1.51 2.09 

Gainesville, GA E 0.89 0.82 0.76 

 
RMSE 0.63 0.80 0.92 

 
p-factor 0.94 0.95 0.99 

 
r-factor 1.05 1.36 1.86 

Tifton, GA E 0.85 0.76 0.70 

 
RMSE 0.73 0.91 1.02 

 
p-factor 0.93 0.94 0.98 

 
r-factor 1.32 1.67 2.15 

Saint Leo, FL E 0.79 0.71 0.67 

 
RMSE 0.77 0.90 0.97 

 
p-factor 0.94 0.94 0.98 

 
r-factor 1.67 1.94 2.36 

Perrine, FL E 0.74 0.67 0.64 

 
RMSE 0.74 0.84 0.88 

 
p-factor 0.94 0.94 0.97 

  r-factor 1.86 2.05 2.40 
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Figure 4-1. Study area and an example of a subset of sixteen GEFS grid points and 
corresponding NLDAS-2 grid points in the Tampa Bay area  
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Figure 4-2. Locations of the observed stations and selected locations for WD forecast 
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Figure 4-3. Box-and-whisker plots of the NLDAS-2 ea(Tmin) (red) and the NLDAS-2 
ea(SH) (blue) in 12 months at Saint Leo, FL (a) and Smithfield, NC (b).  
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Figure 4-4. Box-and-whisker plots of NLDAS-2 (red) and observations (blue) for ETo, 
Tmax, Tmin, Rs, and Wind in 12 months at Alfred Lake, FL (a) and Clayton, 
NC (b).  
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Figure 4-5. BSS and LEPS skill score (%) as a function of month and lead day. The 
BSS reflected the extreme and tercile forecasting skill (a-e); the LEPS skill 
score reflected the overall forecasting skill (f). 
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Figure 4-6. Reliability (a-b) and ROC (c-d) diagrams for tercile and extreme forecasts at 
lead days 1 and 5. 
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Figure 4-7. LEPS skill score (first row, %) and BSS (second to sixth rows) over the 
SEUS. The LEPS skill score reflected the overall forecasting skill (first row); 
the BSS reflected the tercile and extreme forecasting skill (second to sixth 
rows). 
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Figure 4-8. The first row compares LEPS skill scores (%) for reforecast2, reforecast1a, 
and reforecast2b at lead days 1 and 5 throughout the year. The second and 
third rows compare LEPS skill scores (%) for reforecast2, reforecast1a, and 
reforecast2b at lead days 1 and 5 over the SEUS. 
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CHAPTER 5 
IMPROVING SHORT-TERM URBAN WATER DEMAND FORECASTS USING 

FORECAST ANALOGS OF THE GLOBAL ENSEMBLE FORECAST SYSTEM (GEFS) 

Chapter Introduction 

Short-term urban water demand forecasts play an important role in decision-

making of water supply management. Accurate short-term water demand forecasts are 

important for optimizing pumping well, reservoir, and mains operations, balancing water 

allocations, developing short-term water supply strategies, and aiding water supply 

decision-making for an urban area [e.g. Adamowski et al., 2012; Donkor et al., 2014; 

Herrera et al., 2010; Tiwari and Adamowski, 2013].  

While longer-term urban water demands are determined by various human and 

natural factors [House-Peters and Chang, 2011], short-term urban water demands are 

mainly influenced by weather-related variables [Donkor et al., 2014]. Consequently, 

precipitation and temperature derivatives are often used in short-term urban water 

demand forecast modeling. Linear regression and time series models such as multiple 

linear regression (MLR) and  autoregressive integrated moving average (ARIMA) type 

methods have been commonly used for short-term urban water demand forecasting 

[e.g. Adamowski and Chan, 2011; Adamowski et al., 2012; Tiwari and Adamowski, 

2013]. In recent years, many nonlinear approaches, such as multiple nonlinear 

regression (NMLR), artificial neural networks (ANNs), support vector machines (SVMs), 

and nonstationary hybrid models have also been adopted to forecast short-term water 

demand. Bougadis et al. [2005] applied ANN to address nonlinearity in short-term urban 

water demand forecasting and found that ANN had higher skill than the linear 

approaches. Adamowski et al. [2012] compared ANNs, hybrid models of wavelet 

analysis and ANN (WA-ANN), NMLR, and linear models for short-term urban water 
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demand forecasts and found WA-ANN had the highest forecast skill due to the way WA-

ANN deals with nonstationarity. The bootstrap technique was combined with forecasting 

models to assess the uncertainty associated with water demand models [Tiwari and 

Adamowski, 2013]. However, these methods were still based on persistence of weather 

observations, i.e. using lagged relationships between the weather variables and urban 

water demand. Weather forecast information has not been used for forecasting short-

term urban water demand to date.  

Outputs of numerical weather prediction models (NWPs) provides weather 

forecast information over the globe and can be employed for short-term urban water 

demand forecasts for a given a location. However, a downscaling procedure is required 

due to the relatively coarse scale output of NWPs. There are two categories of 

downscaling methods, dynamical downscaling and statistical downscaling [Fowler et al., 

2007]. Dynamical downscaling uses outputs from a global scale model as initial and 

boundary conditions to run a regional scale model and produces forecast information at 

a finer resolution. However, dynamical downscaling is computationally expensive and 

suffers from biases introduced by the driving model [Abatzoglou and Brown, 2012; 

Hwang et al., 2011; Plummer et al., 2006]. Statistical downscaling develops empirical 

relationships between outputs from a global scale model and local observations to make 

local forecasts. Statistical downscaling is computationally efficient and straightforward to 

apply but requires long-term records of both forecasts and observations to develop the 

empirical relationships. Of many statistical downscaling methods available, analog 

methods have been shown to perform, in general, as well as more complicated methods 

[Zorita and von Storch, 1999]. Retrospective forecasts (reforecasts) of a NWP, the 
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Global Ensemble Forecast System (GEFS), have recently been developed through 

archiving nearly 30 years of sub-daily forecast outputs of the GEFS [Hamill et al., 2013]. 

The GEFS reforecasts can be used to understand forecast model bias, evaluate 

forecast skill, quantify model uncertainty, and conduct statistical downscaling. 

Tian and Martinez [2012a, 2012b, and 2014] have produced skillful short-term 

local reference evapotranspiration forecasts by downscaling the GEFS and its 

precedent: the Global Forecast System (GFS) using analog approaches. This weather 

forecast information has potential to improve short-term urban water demand forecasts 

but has not yet been evaluated for water demand forecasts to date. The objectives of 

this study are: (1) to evaluated forecast analogs of water demand related weather 

variables forecasts from reforecasts of the GEFS using station-based observations, and 

(2) to test whether short-term water demand forecasts can be improved using these 

forecast analogs of water demand related weather variables. 

Study Area and Data 

Tampa Bay Water, the largest water supplier in Florida, provides wholesale water 

for over two million customers in Hillsborough, Pasco, Pinellas Counties, and the cities 

of St. Petersburg, New Port Richey and Tampa. Short-term water demands are 

forecasted at specific locations known as point of connections (POCs, Figure 5-1) 

where Tampa Bay Water delivers finished product. Tampa Bay Water has archived 

weekly water demand data from 1991 to 2010 for each POC. There are over 20 rainfall 

gages and several temperature stations in this region. The rainfall data for each POC 

was the average of the nearest rainfall gages. Since temperature is relatively 

homogenous in this region, temperature data from one station close the center of the 

region was used for all POCs.  We selected temperature and rainfall data covering the 
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same period as the water demand data. Tampa Bay Water has developed one-week 

ahead weekly water demand forecast models based on the auto-regressive integrated 

moving average models with exogenous variables (ARIMAX) using preceding water 

demand data and rainfall and temperature data over the Tampa Bay region [Asefa and 

Adams, 2007]. Seven ARIMAX models have been developed for POCs or combinations 

of POCs over the Tampa Bay region (Figure 5-1). The basic structure of the ARIMAX 

model is written as [Box et al., 2013]: 

( ) ( ) ( ) ( ) ( ) ( )kA q y t B q u t n C q e t       (5-1) 

and, 
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where y(t) is output at time t; u is the exogenous variable; the parameters na, nb, and nc 

are the orders of the ARIMAX model; nk is the delay; q is the delay operator. Time 

series of weekly average daily water demand (WD, million gallons per day, mgd) were 

differenced to ensure stationary. The identified exogenous input variables are weekly 

total rainfall (WeekRain, inch), number of rainy days in a week (RainDays), number of 

consecutive rainy days in a week (CosRainDays), and number of hot days in a week 

(HotDays). WeekRain was aggregated from daily rainfall. The RainDays, CosRainDays, 

and HotDays were calculated by counting days with rainfall or temperature exceeding a 

given threshold (rainfall>0.01 inch and temperature>85oF). Different ARIMAX structures 

were tested in order to identify the best model for each POCs or combinations of POCs. 

The model parameters were estimated during the training period from December 5th 

1991 to September 16th 2004 and validated during September 23rd 2004 to February 

25th 2010. Table 5-1 shows the input variables of the seven optimized ARIMAX models. 
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The WeekRain, RainDays, and CosRainDays for those models with combination of 

POCs were the average of those POCs. Since the temperature data was from one 

station, the HotDays were the same for all models. 

The GEFS reforecasts [Hamill et al., 2013] have archived nearly 30-year data 

from December 1984 to present.  The 2-m temperature (T) and precipitation fields are 

useful for short-term urban water demand forecast. The GEFS reforecasts are 

ensemble forecasts with 11 forecast members at 1.0o×1.0o (~100 km) spatial resolution. 

The forecasts are archived every three hours from lead day 1 to lead day 8 and six 

hours from lead day 9 to lead day 16.  We calculated the ensemble mean of the 11 

forecast members and extracted 16 grid points covering the Tampa Bay region (81oW-

84oW, 26oN-29oN) (Figure 5-1). From lead day 1 to 7, T was averaged into daily values; 

daily precipitation was obtained by aggregating three hour precipitation on each day. 

The GEFS weekly forecasts for WeekRain, RainDays, CosRainDays, and HotDays 

were obtained from lead days 1 to 7 using the same method as converting the observed 

daily values. The GEFS one week ahead weekly forecasts for the four variables were 

produced daily from December 5th 1991 to February 25th 2010.  

Methods 

In order to apply the forecast analog approach and evaluate the GEFS analog 

forecasts, moving weekly values of the observations of the weather variables from 

December 5th 1991 to February 25th 2010 were calculated with an increment of a daily 

time step. The 1-week ahead forecasts for the four weather variables used in the water 

demand forecasts as well as the daily T from lead days 1 to 7 were produced using a 

moving spatial window forecast analog approach [Hamill and Whitaker, 2006; Hamill et 

al., 2006]. This method is briefly described below. The first step was to find the closest 
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analog dates for a given day’s (or week’s) forecast within a domain of 16 grid points of 

GEFS (Figure 5-1). That is, the root mean square error (RMSE) over the 16 grid points 

of GEFS was computed by comparing a given day’s (or week’s) forecast with the 

historical forecasts within a ±45 day window of the same day of the year at the same 

lead. For example, a one week ahead forecast for 15 February 2009 over central 

Florida (the 16 GEFS grid points) was compared against available one week ahead 

reforecasts within a window from 1 January to 1 April 1991-2010. The RMSE between 

the current forecast and each reforecast was computed and averaged over the 16 grid 

points in Figure 5-1. The analog dates for that day’s forecast were selected as the 75 

dates with the lowest RMSE. In the second step, the observed analogs for the forecast 

of that day (or week) were selected on the dates of the 75 analogs at each of the seven 

POCs or combinations of POCs in Figure 5-1. Thus, 75 analogs were chosen for this 

forecast to generate an ensemble forecast for each of the seven POCs or combinations 

of POCs. Leave-one-out cross-validation was conducted by excluding the current year 

from the list of potential analogs.  

The deterministic forecasts for each of the weather variables were determined by 

the ensemble mean of the forecast analogs. The mean squared error skill score 

(MSESS) was used to evaluate the deterministic forecasts for each POC or combination 

of POCs and each month. The MSESS is a relative skill that compares the forecasts 

with the climatology, which was the ensemble mean of all observed values within a 

window of ± 30 days of the forecasting date. The mean squared error of the forecasted 

values (MSEf) and the mean squared error of the climatology (MSEc) were calculated 

for each POC or combination of POCs and each month. MSESS is calculated by: 
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     (5-5) 

MSESS ranges from -∞ to 1.0, with values of 0 indicating the forecast has equivalent 

skill as climatology, negative values indicating the forecast has less skill than 

climatology, and 1.0 indicating a perfect forecast.  

The probabilistic forecasts for each of the weather variables were determined by 

the ensemble of the forecast analogs. The rank probability skill score (RPSS) was 

employed to evaluate probabilistic forecasts for each POC or combinations of POC and 

each month. The RPSS measures the cumulative squared error between the 

categorical forecast probabilities and the observed category relative to climatology 

[Wilks, 2011].  The RPSS is defined as:  
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where RPSf  is the ranked probability score of the forecast and RPSc is the ranked 

probability score of climatology, which was the ensemble of all observed values within 

the window of ± 30 days of the forecasting date. The RPSf  and RPSc were calculated 

as: 
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and 

 
2

1 1

1 n J
c o

c km km

k m

RPS p I
n  

       (5-8) 

where J is the number of categories, n is the number of forecasts and observations of a 

dichotomous event, pi
f and pi

c are the forecasted probability of the event using the 
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forecasts and climatology, respectively, and Ii
o = 1 if the event occurred and Ii

o = 0 if the 

event did not occur. In this study, we classified the variables into three categories using 

the terciles of the climatology, which are below normal (<33.3th percentile), near normal 

(between 33.3th and 66.7th percentile), and above normal (>66.7th percentile) 

categories. The climatology forecast is 33.3% for each of the categories, by definition. 

The probability of the forecast for each category was calculated based on the 

percentage of forecast analogs in each of the categories. The RPSS ranges between -∞ 

to 1.0, and values of the RPSS of 1 indicate perfect skill and values of 0 indicate that 

the skill of the forecast is equivalent to climatology. 

The current Tampa Bay short-term water demand model is based on 

persistence, which uses weekly water demand and weather variables in the current and 

previous weeks to predict water demand for the coming week. We need to modify the 

model in order to apply forecast analogs to the water demand forecast. As Table 5-1 

shows, we advanced each of the weather variables except HotDays by one week, since 

HotDays did not show any skill (we showed this in Section 3). By doing this, the weather 

variables of the current week (t) in the original model become the next week (t+1) in the 

modified model. With this modification the forecast analogs can be used in the modified 

model, since the forecast analogs are the forecast for the next week (t+1). After 

applying 75 forecast analogs to the modified model, we can get an ensemble of water 

demand forecasts with 75 forecast members. The ensemble water demand forecasts 

were evaluated using the p-factor and r-factor [Yang et al., 2008]. The p-factor is the 

percent of observations within the 2.5% and 97.5% percentiles of the ensemble 
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forecast. The r-factor is the relative width of the 2.5% and 97.5% percentiles of the 

ensemble forecast. It is calculated as: 
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where n is the number of days, ,97.5%i

M

ty  and ,2.5%i

M

ty  represent the 2.5% and 97.5% 

percentiles of the ensemble forecast at day ti, and obs is the standard deviation of the 

observations. The goodness of the ensemble forecast is judged on the basis of the p-

factor and the r-factor. The p-factor close to 1 (i.e., all observations bracketed by the 

ensemble forecast) represents a perfect forecast; and r-factor close to 1 represents the 

same uncertainty as the standard deviation. 

The deterministic water demand forecasts were defined as the median of the 75-

member ensemble forecast. The coefficient of determination (R2), Nash-Sutcliffe 

coefficient (E), root mean square error (RMSE), and mean absolute error (MAE) were 

employed to evaluate the deterministic forecasts. The Nash-Sutcliffe coefficient (E) is 

written as [Nash and Sutcliffe, 1970]: 
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where n is the number of days, 
it

y  and 
i

M

ty  represent the observation and forecast at 

week ti, respectively, and y is the average value of the observations over the entire 

period. The E ranges from −∞ to 1, with the value of 1 corresponding to a perfect match 

of the forecast to the observations and a value of less than 0 represents the forecast is 

worse than the mean of observations.  
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Results and Discussion 

Performances of one week ahead deterministic forecasts and probabilistic 

forecasts for weather variables are shown in Figures 5-2 and 5-3, respectively. The 

WeekRain, RainDays, and CosRainDays for each of the seven models all showed 

positive skill for both deterministic and probabilistic forecasts throughout the year with 

the skill in cool months higher than in warm months (Figures 5-2 and 5-3). While the 

HotDays showed no skill for deterministic and probabilistic forecasts in all months, T 

forecasts from lead days 1 to 7 showed positive skills for all months with the skills 

higher in winter than in summer. Because HotDays were mostly 0 during most months 

of a year except summer months, the calculated RMSEs between the forecasts and all 

potential analogs would be 0. Since the closest analogs were selected based on the 

RMSE, all potential analogs will have equal chance to be selected. As a result, the 75 

closest analogs were actually randomly selected from all potential analogs, which may 

not be as good as using climatology. As noted by Tian and Martinez (2014), the lower 

skill in cool months than in warm months is likely due to the stronger convective heating 

in summer in the Tampa Bay region. Such convection could cause different weather 

conditions such as cloudiness and rainfall at different locations, which may not be well 

addressed by the GEFS model running at relatively coarse resolution.   

Figure 5-4 shows performances of predicted water demands for seven modified 

water demand forecast models driven by forecast analogs during the validation period.  

The ensemble forecast for each model was represented by the 95PPU (95% prediction 

uncertainty) band. The p-factor and r-factor reflected the percent of observations 

covered by the 95PPU and relative width of the 95PPU to the standard deviation, 

respectively.  It can be seen that the performances of ensemble forecasts are different 
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among different models, but in general, the ensemble forecasts well captured the 

observations. Since the wider 95PPU band will likely cover more observations, the p-

factor is high when the r-factor is high and vice versa. The p-factor and r-factor basically 

achieved very good balance for different models. In Figure 5-4, we can see the 

deterministic forecast visually matched quite well with the observation for each of the 

models. The quantitative evaluation results for deterministic forecasts are given in Table 

5-2. The modified models driven by forecast analogs showed higher skill than the 

original model only except model 3 which did not show any improvement. The “perfect” 

model is the modified driven by the observations, i.e. using the observations for week 

t+1 instead of the forecasts for week t+1 to drive modified model. Since the observation 

is the best the forecast can achieve, the skill of the “perfect” model cannot be exceeded 

under the same model structure. For model 3, the skill of the original model or the 

analog driven model was already extremely close to the “perfect” model, which may 

explain why the model 3 could not be further improved by using forecast analogs.   

It has been shown that the use of forecast analogs of the GEFS has added value 

to the short-term urban water demand forecasts. The modified analog-driven water 

demand forecast models likely performed better than the original water demand models 

because of the use of the skillful weather forecast information instead of the persistence 

of weather observations. The ensemble water demand forecast was made by using the 

forecast analogs accounting for uncertainty of weather forecasts, which allowed for 

uncertainty testing of water demand forecasts. While in this study the forecast analogs 

of the GEFS was used to improve the ARIMAX based water demand model, it can also 

be employed to improve other types of demand models such as ANN, SVM, or hybrid 
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models (e.g. WA-ANN). We expect the use of forecast analogs would contribute 

additional skills to any forecast demand models. The GEFS-informed water demand 

forecast method employed in this study would not only be beneficial to urban water 

management and planning in the Tampa Bay region but also to other regions of the 

world.  

Water demand forecasts can be made at different lead times, namely daily, 

weekly, and monthly forecasts for different planning purposes. In this study, it has been 

shown that weekly forecasts could be improved using the GEFS forecast analogs. Since 

the GEFS forecast produced sub-daily forecasts, daily water demand forecasts could 

also be improved by using this information.  The GEFS did not make forecasts for more 

than 16 days. For monthly forecasts, the Global Climate Models (GCMs) for long lead 

forecasts could be considered to improve urban water demand forecasts. For example, 

the Climate Forecast System version 2 (CFSv2) [Saha et al., 2013] have showed skills 

for forecasting different climate fields such as reference evapotranspiration and its 

relevant variables [Tian et al., 2014]. The forecasts from the CFSv2 could be employed 

to improve the monthly water demand forecasts, which could be considered as a future 

work. 

Chapter Conclusions 

In this study, we investigated the potential of using the GEFS forecast analogs to 

improve the short-term urban water demand forecasts in the Tampa Bay region. Firstly, 

we evaluated the GEFS forecast analogs of weather variables related to urban water 

demand forecasts. The GEFS analogs generally showed high skill for forecasting 

WeekRain, RainDays, CosRainDays, and T but no skill for forecasting HotDays. The 

forecast analogs of WeekRain, RainDays, and CosRainDays were then used to drive 
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the modified water demand model based on the ARIMAX to produce an ensemble water 

demand forecasts. The analog-driven water demand forecasts mostly showed higher 

skill than the original forecasts. The ensemble water demand forecasts accounted for 

uncertainty of weather forecasts, which allowed for assessing demand forecast 

uncertainty. The weather-informed water demand forecast approach employed in this 

study is not restricted to the ARIMAX-based demand forecast model used. It could also 

work with other well-performed demand models such as ANN, SVM, or hybrid models 

(e.g. WA-ANN) to further improve the water demand forecasts. The water demand 

forecast informed by the GEFS forecast would not only be beneficial to urban water 

management and planning in the Tampa Bay region but also can be applied to other 

regions of the world. Since the longer lead water demand forecasts are also important 

for water resources planning, a future work could be using the GCMs to improve long 

lead urban water demand forecasts. 
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Table 5-1. Variables of original and modified models 

Model POCs a Variables of Original Model b Variables of Modified Model 

1 
Little Road, US41, 
Odessa 

WD(t), WD(t-1), CosRainDays(t), 
CosRainDays(t-1), WeekRain(t), 
HotDays(t) 

WD(t), WD(t-1), CosRainDays(t+1), 
CosRainDays(t), WeekRain(t+1), 
HotDays(t) 

2 Cosme 
WD(t), CosRainDays(t), 
CosRainDays(t-1) 

WD(t), CosRainDays(t+1), 
CosRainDays(t) 

3 Lake Bridge  
WD(t), CosRainDays(t), 
CosRainDays(t-1), WeekRain(t) 

WD(t), CosRainDays(t+1), 
CosRainDays(t), WeekRain(t+1) 

4 Lithia 
WD(t), CosRainDays(t), 
RainDays(t), HotDays(t) 

WD(t), CosRainDays(t+1), 
RainDays(t+1), HotDays(t) 

5 Maytum WD(t), WD(t-1), RainDays(t) WD(t), WD(t-1), RainDays(t+1) 

6 Pinellas, Keller 
WD(t), CosRainDays(t), 
CosRainDays(t-1), WeekRain(t), 
HotDays(t) 

WD(t), CosRainDays(t+1), 
CosRainDays(t), WeekRain(t+1), 
HotDays(t) 

7 NWH, Lake Park 
WD(t), CosRainDays(t), 
CosRainDays(t-1), WeekRain(t), 
HotDays(t) 

WD(t), CosRainDays(t+1), 
CosRainDays(t), WeekRain(t+1), 
HotDays(t) 

a, b WD(t), water demand (mgd) in week t; WeekRain(t), weekly total rainfall (inch) in week t; RainDays(t): number of rainy 
days (>0.01 inch) in week t; CosRainDays(t): consecutive rainy days (>0.01 inch) in week t; HotDays(t): number of hot 
days (>85F) in week t. 
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Table 5-2. Summary of forecasting performances for the original model, the analog driven (median) model, and the 
“perfect” model during the validation period from 9/23/2004 to 2/25/2010. 

Model   Original model   
Analog driven model 
(median)   "Perfect" model 

  
 

R2 E RMSE MAE 
 

R2 E RMSE MAE   R2 E RMSE MAE 

1 
 

0.66 0.65 1.58 1.24 
 

0.70 0.68 1.48 1.14 
 

0.77 0.76 1.28 0.98 
2 

 
0.74 0.73 1.13 0.86 

 
0.75 0.74 1.12 0.85 

 
0.77 0.76 1.07 0.83 

3 
 

0.88 0.88 0.42 0.33 
 

0.88 0.87 0.42 0.32 
 

0.89 0.89 0.39 0.29 
4 

 
0.67 0.64 2.74 2.07 

 
0.71 0.68 2.58 1.97 

 
0.78 0.75 2.29 1.72 

5 
 

0.67 0.65 0.20 0.15 
 

0.70 0.67 0.20 0.15 
 

0.74 0.70 0.19 0.15 
6 

 
0.74 0.74 2.84 2.28 

 
0.79 0.77 2.70 2.08 

 
0.82 0.80 2.52 1.92 

7   0.65 0.63 1.41 1.10   0.68 0.65 1.36 1.03   0.74 0.71 1.24 0.95 

Note: analog driven model (median), median value of the modified model driven by forecast analogs; “perfect” model, 
modified model driven by observations. R2: coefficient of determination; E: coefficient of efficiency; RMSE: root mean 
square error; MAE: mean absolute error. 
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Figure 5-1. GEFS grid points and locations of the water demand forecast models. Each 

of the POCs was labeled.  
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Figure 5-2. Performance of deterministic forecasts (MSESS) for weather variables in 

different months. (a) one week ahead WeekRain forecasts for seven models, 
(b) one week ahead RainDays forecasts for seven models, (c) one week 
ahead CosRainDays forecasts for seven models, and (d) one week ahead 
HotDays forecast and 7-day T forecasts for all models 
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Figure 5-3. Same in Figure 5-2, but for probabilistic forecasts (RPSS). 
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Figure 5-4. Comparison of observed and predicted (median of the ensemble forecast) 

weekly water demands for seven modified water demand models driven by 
forecast analogs during the validation period from 9/23/2004 to 2/25/2010. 
The 95PPU (95% prediction uncertainty) is the area between the 2.5% and 
97.5% percentiles of the ensemble forecast.  
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CHAPTER 6 
SEASONAL PREDICTION OF REGIONAL REFERENCE EVAPOTRANSPIRATION 

(ETo) BASED ON CLIMATE FORECAST SYSTEM VERSION 2 (CFSv2) 

Chapter Introduction 

Reference evapotranspiration (ETo) is defined as the evapotranspiration from a 

hypothetical reference crop in an adequately watered condition (Allen et al. 1998). ETo 

is one of the most important hydroclimatic variables for scheduling irrigation, driving 

hydrologic and crop models, and estimating actual evapotranspiration for a region 

(Gong et al. 2006). If ETo can be predicted a few months in advance, it would be 

beneficial for the water management and irrigation communities for making long-term 

planning decisions. There are many methods to estimate ETo. The FAO-56 Penman-

Monteith (FAO PM) equation (Allen et al. 1998) is considered a globally valid 

standardized method to estimate ETo and was adopted by Food and Agricultural 

Organization (FAO) of the United Nations. A major limitation of this method is that it 

requires a large amount of climatic data input at the land surface level including air 

temperature, wind speed, solar radiation, and dew point temperature or relative 

humidity, which are often not available in many regions.   

Coupled ocean-land-atmosphere general circulation models (CGCMs) combine 

models for the ocean, atmosphere, land surface, and sea ice, and run from several 

months to one year ahead to produce seasonal forecasts (Troccoli 2010). CGCMs have 

been operationally implemented at major weather and climate forecast centers around 

the world (Palmer et al. 2004; Saha et al. 2006; Yuan et al. 2011). Recently, the 

National Centers for Environmental Prediction (NCEP) of the National Oceanic and 

Atmospheric Administration (NOAA) has improved the physics and resolution of its 

operational CGCM and updated the forecast system to the second generation, Climate 
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Forecast System version 2 (CFSv2) (Saha et al. 2010; Saha et al. accepted; Yuan et al. 

2011). There are 29 years (1982 to 2010) of retrospective forecasts (reforecasts or 

hindcasts) of CFSv2 that are archived by the National Climatic Data Center (NCDC).  

Recent studies have used the archived CFSv2 reforecasts for different applications 

such as evaluating the seasonal forecast skill of soil moisture (Mo et al. 2012), the 

South American monsoon (Jones et al. 2012), meteorological drought (Yoon et al. 

2012), streamflow (Yuan and Wood 2012a; Yuan et al. in press), east Asian winter 

monsoon (Jiang et al. 2013), summer heat waves (Luo and Zhang 2012), and tornado 

occurrence (Tippett et al. 2012). While the CFSv2 has shown potential to improve 

seasonal forecast skill for many applications, studies using CFSv2 to predict seasonal 

ETo have not been conducted to date.  

Seasonal predictions of CFSv2 land surface variables can provide valuable 

information for ETo forecasts. The archived reforecasts of CFSv2 land surface variables 

(e.g. temperature, wind speed, and solar radiation) provide all of the variables 

necessary for the FAO PM equation to assess the predictability for ETo seasonal 

forecasts. Due to the upgraded physics and resolution, the CFSv2 has been shown to 

have the ability to predict near surface air temperature and precipitation for hydrological 

forecasting at long leads (Yuan and Wood 2012b; Yuan et al. 2011). Besides near 

surface air temperature, other land surface variables such as solar radiation and wind 

speed are important to forecast ETo. However, the predictability of these land surface 

variables for ETo forecasts has not yet been assessed.  

ETo seasonal predictions are often needed at the local scale. Because CFSv2 

has the horizontal resolution of T126 (equivalent to nearly 100 km), it is too coarse to 
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meet local forecasting needs. To provide local predictions of seasonal ETo, CFSv2 

forecasts need to be spatially downscaled. In general, there are two categories of 

downscaling methods: statistical and dynamical (Fowler et al. 2007).  Statistical 

downscaling employs statistical relationships between the output of a CGCM and local 

observations and is computationally efficient and straightforward to apply. The statistical 

downscaling step can also be used to correct systematic bias between CGCM output 

and observations. One limitation to statistical downscaling methods is that they need 

long-term continuous forecast archives and observations to establish the statistical 

relationships. For dynamical downscaling, a CGCM provides the boundary and initial 

conditions to a regional climate model (RCM) and the RCM runs at a finer resolution to 

produce local scale forecasts. The errors in the CGCM are typically propagated to the 

RCM and influence predictions (Hwang et al. 2011; Yoon et al. 2012). RCMs also have 

their own errors. Thus, dynamical downscaling requires additional statistical bias 

correction and is computationally intensive.  

There are multiple methods for statistical downscaling and bias correction. The 

bias correction and spatial disaggregation (BCSD) method is an interpolation-based 

downscaling technique which has been extensively applied in hydrologic prediction 

studies (e.g. Christensen et al., 2004; Salathe et al., 2007; Maurer and Hidalgo 2008; 

Wood et al. 2002; Wood et al. 2004; Yoon et al. 2012). The BCSD method consists of 

bias correction using quantile mapping and then spatial disaggregation, which works 

effectively to correct both mean and variance of the forecasts using observations. 

Abatzoglou and Brown (2012) developed the spatial disaggregation with bias correction 

(SDBC) method by reversing the order of the BCSD procedures. This modification 
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improved downscaling skill for reproducing local-scale temporal statistics of precipitation 

(Hwang and Graham 2013). The spatial disaggregation (SD) from BCSD or SDBC 

method could be adapted to an independent method by spatially interpolating the 

anomalies of forecasts to a finer resolution, and then produce the downscaled forecasts 

by adding the observed climatology to the interpolated forecast anomalies. Besides the 

interpolation-based downscaling methods, there are parametric approaches (Schaake 

et al. 2007; Wood and Schaake 2008) and Bayesian merging techniques (Coelho et al. 

2004; Luo and Wood 2008; Luo et al. 2007) that have also been used in downscaling 

seasonal climate forecasts. While the natural analog and constructed analog 

downscaling methods have shown good performance (Abatzoglou and Brown 2012; 

Hidalgo et al. 2008; Maurer and Hidalgo 2008; Maurer et al. 2010; Tian and Martinez 

2012a, 2012b), the seasonal reforecast datasets are generally not long enough to 

perform those analog-based downscaling methods since there is a limited number of 

potential historical analogs.  

The objectives of this study were 1) to evaluate the ability of the CFSv2 to 

produce downscaled ETo seasonal predictions from 0 to 9 month lead, 2) to assess the 

predictability of the relevant CFSv2 land surface and reference height variables for ETo 

forecasts, and 3) to compare the skill from two interpolation-based statistical 

downscaling methods to downscale CFSv2 forecasts. As members of the Southeast 

Climate Consortium (SECC), our goal was to develop an improved understanding of 

seasonal climate variability and climate predictability at local to regional scales across 

the southeastern United States (SEUS). Therefore, the study region includes Alabama, 

Georgia, and Florida in the SEUS. Sections 2 and 3 describe the data and methods 
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used in this work. The results are presented in Section 4. Conclusion and discussion 

are given in Section 5. 

Data  

The availability of the long-term archived CFSv2 reforecasts makes it feasible to 

conduct statistical downscaling. The forcing dataset of the North American Land Data 

Assimilation System Project Phase 2 (NLDAS-2) were used as observations to verify 

and correct errors of the downscaled forecasts.   

NCEP CFSv2 Forecasts 

The CFSv2 is a fully coupled land-ocean-atmosphere dynamical seasonal 

prediction system (Saha et al. accepted). The CFSv2 reforecast archive consists of the 

NCEP Global Forecast System, the Geophysical Fluid Dynamics Laboratory Modular 

Ocean Model version 5.0 coupled with a two-layer sea ice model, and the four-layer 

Noah land surface model (Yuan et al. 2011). The reforecast includes model forecasts 

from January 1982 to December 2010 with 9-month leads at a T126 resolution (roughly 

100-km). The reforecast of monthly means have 28 members in November and 24 

members in other months with initial conditions of the 0, 6, 12 and 18Z (Coordinated 

Universal Time or UTC) cycles for every 5 days, starting from the last month after the 

7th. For example, the 24 ensemble members for January are the four cycles for each of 

December 12th, December 17th, December 22th, December 27th, January 1st, and 

January 6th. The near surface variables of CFSv2 reforecast including 2-m maximum 

temperature (Tmax, K), minimum temperature (Tmin, K), mean temperature (Tmean, K), 

surface solar radiation (Rs, W/m2), and 10-m wind speed (u10, m/s) are potentially useful 

to forecast ETo. Wind speed at 2-m height (u2 or referred hereafter as Wind) was 

estimated from u10 (Allen et al. 1998): 
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where z is the measurement height (10 m). The monthly means of those variables were 

converted to seasonal means by taking the moving average of the three months from 

January 1982 to December 2010. For the convenience of manipulation, all of those 

variables were regrided to 1.0o ×1.0o resolution (Figure 6-1).  

Forcing Dataset of NLDAS-2  

The 0.125o×0.125o resolution (approximately 12 km) NLDAS-2 forcing dataset 

(Xia et al. 2012b; Xia et al. 2012c) (Figure 6-1) were taken as a surrogate for long-term 

observations to use both for forecast verification and bias correction (as described in 

section 3). NLDAS-2 integrates a large quantity of observation-based and model 

reanalysis data to drive land-surface models, and executes at 0.125o × 0.125o grid 

spacing over North America with an hourly time-step. The NLDAS-2 data provides the 

same land surface variables as CFSv2 reforecasts required for ETo estimation, 

including 2-m Tmax, Tmin, Tmean, u10, and Rs.  The u10 was converted to u2 using 

Equation 6-1. For this work, we used 30 years of data from January 1982 to December 

2011 because CFSv2 has a 9-month lead. The NLDAS-2 hourly data were aggregated 

into daily data and then averaged to monthly means. The monthly means were 

converted to seasonal means as was done for CFSv2 reforecasts.  

The NLDAS-2 fields used in this study were based on the interpolation of the 3-

hour time step North American Regional Reanalysis (NARR) (0.3o×0.3o) (Mesinger et 

al., 2006; Xia et al. 2012b). The NLDAS-2 Rs was bias-corrected using satellite-derived 

Rs by Pinker et al. (2003) over each grid cell using the ratio of their monthly average 

diurnal cycle (Xia et al. 2012b); all other NLDAS-2 fields used in this study were directly 
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interpolated from NARR with or without adjustments to account for the vertical 

difference between the NARR and NLDAS-2 fields of terrain height (Xia et al. 2012a). 

The methods of the spatial and temporal interpolation and vertical adjustment were 

adopted from Cosgrove et al. (2003). Since the NARR data is a hybrid product of model 

simulations and observations, it contains known biases for either output fields (e.g. 

Markovic et al., 2009; Vivoni et al., 2008; Zhu and Lettenmaier, 2007) or estimated ETo 

(Tian and Martinez 2012b). Thus, biases from the NARR would be propagated to the 

NLDAS-2 fields and consequently affect ETo estimation in this study. High biases of Rs 

and precipitation were found in the prior generation of forcing of the NLDAS-2 (Luo et al. 

2003). The validation for the NLDAS-2 fields is still ongoing by the research community.  

Methods 

ETo Estimation Methods 

The original PM approach (Jensen et al., 1990; Monteith, 1964; Shuttleworth, 

1993) was derived from a “big-leaf” assumption of evapotranspiration whereby a single 

surface resistance and a single aerodynamic resistance term represent the transport 

properties of the vegetated surface, where the vegetated surface assumed to be 

complete and uniform. Since the PM equation approximates the stomatal resistance of 

the entire plant canopy as a single surface resistance, it takes an inherently macro-

scale view of the evapotranspiration process which is appropriate for application at large 

scales such as that of CGCMs (e.g. Kingston et al. 2009; Sperna Weiland 2012).  The 

original PM equation is written as: 
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where evapotranspiration (ET) is in W m−2, which can be converted into ET (mm) by 

dividing by the latent heat of vaporization of water, λ [J kg−1], Δ (Pa K−1) is the slope of 

the plot of saturated vapor pressure against air temperature, Rn is the net radiation 

(W m−2), ρa is the density of air (kg m−3), cp is the specific heat of air at constant 

pressure (J kg−1 K−1), D is the vapour-pressure deficit (Pa) and γ is the psychometric 

constant (Pa K−1). ra and rs are the aerodynamic and surface resistances (s m−1), 

respectively. The FAO developed the concept of reference evapotranspiration and the 

standardized FAO PM equation by defining the grass reference crop as a hypothetical 

crop with an assumed height of 0.12 m and standardized height for wind speed, 

temperature and humidity measurements at 2 m under well-watered conditions. ET 

rates of various vegetation covers are related to the ETo by means of crop coefficients. 

By introducing this grass reference crop, the FAO PM equation was derived from 

Equation 6-2 (derivation procedure is shown in Appendix B) and has the form: 
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where ETo is the reference evapotranspiration (mm/day), Rn is the net radiation at the 

crop surface [MJ m-2 day-1] and is determined from the difference between net 

shortwave radiation (assuming a constant albedo of 0.23) and net outgoing longwave 

radiation calculated following Allen et al. (1998); G is soil heat flux density [MJ m-2 day-

1], and was considered to be negligible for the calculations; T is the mean air 

temperature at 2-m height [oC]; u2 is wind speed at 2-m height [m s-1]; es is saturation 

vapor pressure [kPa]; ea is actual vapor pressure [kPa];  is the slope of the saturation 
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vapor pressure curve [kPa oC-1]; and  is the psychrometric constant [kPa oC-1]. The only 

required inputs for the FAO PM equation are climatic variables. 

For details on the calculation of each of the terms in Equation 6-3, the reader is 

referred to Allen et al. (1998). Since the CFSv2 reforecast and forcing data of NLDAS-2 

did not include dew point temperature (Tdew) or relative humidity (RH) that are required 

to calculate ea, we approximated Tdew using Tmin which has been found to be suitable 

for humid regions (Allen et al. 1998).   

Sensitivity coefficients (e.g. Gong et al. 2006) were used to evaluate variables 

that are most important for influencing ETo at different seasons over the SEUS. The 

forcing data of the NLDAS-2 were used in the estimation the sensitivity coefficient. The 

sensitivity coefficient has a non-dimensional form written as: 
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where SVijk is sensitivity coefficient for Vijk , Vijk is the climatology of ith variable in the jth 

month at grid point k, Vijk is the difference between the maximum and minimum values 

of the ith variable in the jth month at grid point k throughout all years, ETojk is the 

reference evapotranspiration estimated by Equation 6-3 with inputs of the climatology 

for  each of the variables for the jth month at grid point k, ETojk is the difference 

between the estimated ETo by Equation 6-3 with inputs of the maximum and minimum 

values of each of the variables in the jth month at grid point k throughout all years.  A 

greater sensitivity coefficient reflects a greater influence of a given variable on ETo in a 

given month, either negatively or positively.  



 

144 

Downscaling Methods 

The downscaled ETo seasonal forecasts were produced in two ways. The first 

was to calculate the coarse-scale ETo forecasts using the FAO PM equation with the 

input of the CFSv2 forecasts of Tmean, Tmax, Tmin, Rs, and Wind and then downscale 

and bias correct the coarse-scale ETo (hereafter ETo1); the second was to downscale 

and bias correct the CFSv2 forecasts of Tmean, Tmax, Tmin, Rs, and Wind and then 

input those variables into the FAO PM equation to calculate the downscaled ETo 

forecast (hereafter ETo2). Similarly, Yuan and Wood (2012a) conducted downscaling of 

the CFSv2 streamflow forecasts in two ways: bias-correcting streamflow predicted by 

the integrated land surface model in CFSv2; and downscaling the meteorological 

seasonal forecast and using it as input to a well-calibrated hydrologic model. Two 

methods, SD and SDBC were used to downscale each of those variables and ETo. 

SD method 

The SD method is an interpolation-based downscaling method that includes two 

steps. The first step is to spatially interpolate the anomalies of CFSv2 forecasts to a 

finer resolution (0.125o × 0.125o) using the inverse distance weighted (IDW) technique. 

The anomalies were defined as the departure of the reforecasts from the model 

climatology. The IDW technique estimates values at a point by weighting the influence 

of nearby data with the most distant data weighted the least. The IDW technique 

consists of two steps: (1) compute distances to all the points in the dataset, and (2) 

compute the weight of each point. The weighting function is the inverse power of the 

distance:  
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and 
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where Ẑ is the estimated value, Z is the value of the control points, di is the distance 

between the estimated value and the control points, p is the power to which the distance 

is raised (a power of 2 was used in this work), and (X,Y) represents the coordinate. The 

second step of the SD method is to produce the forecasts by adding the downscaled 

anomalies to the climatology of NLDAS-2 forcing data. The leave-one-out cross-

validation procedure was conducted by leaving the target season (the season being 

forecasted) out when calculating the NLDAS-2 climatology. 

SDBC method 

Compared to the SD method, the SDBC method (Abatzoglou and Brown 2012) 

has three steps with an additional quantile mapping bias-correction procedure. In the 

first step, the anomalies of the CFSv2 forecasts were interpolated to moderate 

resolution (0.125o × 0.125o) using the IDW technique. In the second step, the 

interpolated anomalies of the CFSv2 were bias corrected using the anomalies of the 

NLDAS-2 forcing data using the quantile mapping technique. In comparison to the SD 

method, the SDBC method corrects both mean and variance of the forecasts in 

probability space. This technique has three procedures: (1) creating cumulative density 

functions (CDFs) of the anomalies of NLDAS-2 forcing data for each grid point, (2) 

creating CDFs of the CFSv2 anomalies for each grid point and lead time, (3) using the 

quantile mapping that preserves the probability of exceedence of the CFSv2 data, but 

corrects the CFSv2 anomalies to the value that corresponds to the same probability of 
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exceedence from the anomalies of NLDAS-2. Thus bias-corrected data on time i at grid 

j was calculated as, 

 ' 1

, , , ,( )i j obs j sim j i jx F F x      (6-7) 

where F(x) and F-1(x) denote a CDF of the data and its inverse, and subscripts sim and 

obs indicate downscaled CFSv2 anomalies and NLDAS-2 anomalies, respectively. The 

final step is to produce the forecasts by adding the bias-corrected downscaled 

anomalies to the climatology of NLDAS-2 forcing data. In steps 2 and 3, the cross-

validation procedure was conducted by leaving the target season out when creating the 

CDFs of the NLDAS-2 anomalies and calculating the NLDAS-2 climatology. 

Evaluation Statistics 

Seasonal skill for both deterministic and probabilistic forecasts were evaluated 

for each NLDAS-2 grid point from lead 0 to 9 and summarized by season. The 

deterministic forecasts were determined by the ensemble mean of the 24 members. The 

mean squared error skill score (MSESS) was computed for each grid point, each 

season, and each lead. MSESS is a relative skill measure that compares the 

downscaled forecasts with the climatology forecast, which was calculated from NLDAS-

2 seasonal values at the same time as the forecast season. The mean squared error of 

the forecasted values (MSEf) and the mean squared error of the climatology (MSEc) 

were calculated for each grid point for each season and lead. MSESS is calculated by: 
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MSESS ranges from -∞ to 1.0, with values of 0 indicating the forecast has equivalent 

skill as climatology, negative values indicating the forecast has less skill than 

climatology, and 1.0 indicating a perfect forecast.  

The ensemble forecast of CFSv2 can be used as a probabilistic forecast by 

counting the number of ensemble members falling into three equal categories or 

terciles. The Brier skill score (BSS) was employed to evaluate the skill of probabilistic 

forecasts in terciles (above normal, near normal, and below normal) for each grid point, 

each season, and each lead. The terciles of the NLDAS-2 data were used to divide the 

forecast into three categories. The climatological forecast was, by definition, 33.3% for 

all three categories. The BSS is written as (Wilks 2011): 
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where BSf  is the Brier score of the forecast and BSc is the Brier score of climatology, 

which was computed from NLDAS-2 seasonal values at the same time as the forecast 

season. The BSf and BSc were calculated as: 
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where n is the number of forecasts and observations of a dichotomous event, pi
f and pi

c 

are the forecasted probability of the event using the forecasts and climatology, 

respectively, and Ii
o = 1 if the event occurred and Ii

o = 0 if the event did not occur. The 
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BSS ranges between -∞ to 1.0, and values of the BSS of 1 indicate perfect skill and 

values of 0 indicate that the skill of the forecast is equivalent to climatology. 

Results 

Tables 6-1 and 6-2 show the overall mean MSESS and BSS for downscaled 

CFSv2 variables and ETo by the SD and SDBC methods in 0-month lead for all 

seasons. In Table 6-1, in terms of the overall mean skill scores for the CFSv2 variables, 

Tmax had the highest skill for both deterministic and probabilistic forecasts and was 

followed by Tmean, Tmin, Rs and Wind. The skill scores for the SDBC method were 

slightly higher than the SD method. The probabilistic forecasts in the above normal and 

below normal categories had positive skill, while the forecast skill in the near normal 

category was all negative. Failure of the near normal forecast has been found in many 

previous studies (e.g. van den Dool and Toth 1991, Barnston et al. 2003). This failure is 

related to two facts: (1) narrowing of the forecast probability distribution increases the 

probability in the near normal category and decreases the probability in the outer two 

categories, but the change is usually not sizeable; and (2) overall shifts in the forecast 

probability distribution can reduce the probability in the near normal category, but 

changes the probabilities in below and above normal categories far more substantially 

(van den Dool and Toth 1991). Table 6-2 shows, in general, for the overall mean 

predictive skill of the two ETo methods, ETo2 (downscaling individual variables before 

calculating ETo) showed slightly higher skill than ETo1 (calculating coarse-scale ETo 

before downscaling), and the SDBC showed slightly higher skill than the SD method.    

Evaluation of Forecast Skill in Different Seasons 

This section compared the mean forecast skill in different seasons averaged over 

the entire region in 0-month lead. Figure 6-2 shows the forecast skill of the deterministic 
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and tercile probabilistic forecasts in different seasons for the five downscaled CFSv2 

variables for the SD and SDBC methods in 0-month lead. In terms of the MSESS and 

BSS in below and above normal categories, Tmean and Tmax had the highest skill over 

all seasons; Tmin and Rs were skillful only during the cold seasons; Wind showed minor 

skill in warm seasons. Figure 6-3 shows a comparison of skill scores of downscaled 

ETo for the SD and SDBC methods in different seasons at 0-month lead. Both ETo1 

and ETo2 showed skill in cold seasons while the skill dropped below 0 during warm 

seasons; The two methods for downscaling ETo did not show much difference in terms 

of the forecast skill, particularly in cool seasons when the skill was positive.  Both 

Figures 6-2 and 6-3 show there is no sizeable difference between the SD and SDBC 

methods. 

Since ETo estimation is governed by Tmean, Tmax, Tmin, Rs, and Wind, it would 

be useful to look at the influence of each variable on ETo. In terms of the sensitivity 

coefficients in Table 6-3, Tmax and Rs had the greatest influence on ETo, followed by 

Tmin and Tmean, and Wind showed only slight influence, particularly in warmer 

seasons. All variables had positive influence on ETo except Tmin that had negative 

influence. While the influence of Tmax is relatively constant for all seasons, Tmean, 

Tmin, and Rs have greater influence in warmer seasons than in cooler seasons. During 

warm seasons, due to the influence of Tmin and Rs on ETo, the poor forecasts of these 

two variables by CFSv2 would cause the negative skill of the ETo forecast in these 

seasons. While during cold seasons when Tmax, Tmean, Tmin, and Rs forecasts had 

relatively good performance, ETo showed positive forecast skill.  
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Evaluation of Forecast Skill over Space 

The forecast skill in this section was the skill scores averaged over all seasons in 

different grid points in 0-month lead. Figures 6-4 and 6-5 show the spatial distribution of 

the deterministic and probabilistic forecast skill of the downscaled CFSv2 variables 

(Tmean, Tmax, Tmin, Rs, and Wind) for the SD and SDBC methods for all seasons in 

0-month lead, respectively. For both the SD and SDBC methods, Tmean and Tmax had 

the highest skill over the region followed by Tmin, Rs, and Wind (Figures 6-4 and 6-5). 

Figure 6-4 shows, for the SD method, both deterministic and probabilistic forecasts for 

Tmean and Tmax were skillful in most of the region.  The MSESS and BSS for Tmin 

were highest in south Florida, north Georgia, north Alabama, and coastal areas for the 

below and above normal categories. For deterministic forecasts and above normal 

forecasts of Rs, there was skill in north Florida, while for the below and near normal 

forecasts there were no skill in most of the area. The forecasts of Wind did not show 

skill anywhere in the region with west Florida and Alabama showing the most negative 

skill. Compared to the other variables, Wind is the most influenced variable by land 

surface conditions. The failure of the Wind forecasts was likely due to several reasons. 

First, the boundary layer changes diurnally and seasonally, which makes it difficult to 

model; second, the turbulent fluxes in the boundary layer (drag force due to land 

surface friction) in CFSv2 may not be resolved likely due to the coarse spatial resolution 

of the model configuration. Figure 6-5 shows that for the SDBC method, although the 

skill showed a similar spatial pattern with the SD method, there were improvements of 

skill over the whole area.  

Figure 6-6 shows the average skill scores of the deterministic and probabilistic 

forecasts of the downscaled ETo1 and ETo2 for the SD and SDBC methods for 0-month 
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lead. For SD method, both ETo1 and ETo2 showed skillful deterministic forecasts for 

most of the area except south Florida. The forecast skill for ETo1 and ETo2 was very 

similar. For the SDBC method, in terms of the MSESS and above normal BSS, there 

were larger areas showing higher skill for ETo2 than for ETo1. There were greater 

areas showing high skill for the SDBC method than the SD method. The greatest 

improvement of skill occurred in the near normal forecasts, though the skill was still 

negative in most of the area. The skill improvement for the SDBC was due to the 

additional procedure to bias correct the overall shape of the forecast distribution. In 

terms of the monthly average of the absolute sensitivity coefficients for each variable in 

Figure 6-7, Tmax and Rs had the greatest influence on ETo, followed by Tmin, Tmean, 

and Wind. The absolute sensitivity coefficient for each variable was relatively 

homogeneous over space. Given the influence of Rs on ETo, the low skill of ETo in 

south Florida is likely caused by the low skill of Rs in the area. 

Evaluation of Forecast Skill for Different Leads 

The skill scores in this section were the spatial average over all the grid points for 

different months and leads. All the contours in Figures 6-7 to 6-10 were smoothed for 

display purposes. Figures 6-7 and 6-8 demonstrate the predictive skill of the 

deterministic and probabilistic forecasts of the CFSv2 variables (Tmean, Tmax, Tmin, 

Rs, and Wind) for all seasons and leads over the entire area for the SD and SDBC 

method, respectively. In general, both Figures indicate Tmean and Tmax had longer 

skillful leads than Tmin, Rs, and Wind, with Tmin and Rs having skillful leads out to 

approximately 3 months during the cold seasons. Figure 6-8 shows the MSESS of 

Tmean and Tmax were skillful at long leads for most seasons of the year. The BSS for 

Tmean and Tmax indicates that the below and above normal forecasts were skillful at 
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near leads. Tmin only showed skill at near leads for cold seasons and no skill for warm 

seasons in terms of MSESS and BSS in the outer two categories. The deterministic 

forecasts for Rs were skillful at long leads for cool seasons, while the probablistic 

forecasts were skillful at near leads during the cold seasons. The deterministic forecasts 

for Wind showed some skill out to month-3 lead for warm seasons, while there was no 

skill for other seasons and tercile forecasts. Figure 6-9 shows the SDBC method 

improved skill for longer leads for below normal and above normal forecasts of Tmax 

and Rs, and deterministic forecasts of Wind. The greatest improvement occurred for 

near normal forecasts of Tmax even though the skill was still negative. There were no 

obvious improvements for the other forecasts. 

Figures 6-10 and 6-11 show the predictive skill of ETo1 and ETo2 as a function 

of seasons and leads for the SD and SDBC methods, respectively. In general, ETo1 

showed similar skill to ETo2; and skillful forecasts at long leads occurred in cold 

seasons (Figures 6-10 and 6-11). In Figure 6-10, for the SD method, the predictive skill 

of the deterministic forecasts of ETo1 and ETo2 had skill at all leads for cold seasons, 

while there was no skill for warm seasons. Both ETo1 and ETo2 had skill for below 

normal forecasts at long leads for cold seasons. For above normal forecasts, both ETo1 

and ETo2 show skill at long leads out to month-5 in cold seasons. Figure 6-11 shows 

the SDBC method indicates a slight improvement of skill at longer forecast lead in terms 

of the above and below normal BSS, and a great improvement of skill at longer leads for 

the near normal BSS even though the skill was still negative. The student t-test was 

conducted to compare the skill of SDBC and SD. For ETo1, the improvements were 

significant (p<0.05) for the below normal BSS from month-6 to month-9 leads, for the 
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near normal BSS at all leads, and for the above normal BSS from month-6 to month-9 

leads; for ETo2, only the near normal BSS from month-6 to month-9 leads and the 

above normal BSS from month-6 to month-8 leads showed significant improvement 

(p<0.05). There were no improvements for any other forecasts.  

Evaluation of Forecast Skill during ENSO Events 

Since CFSv2 has been shown to accurately predict the phase of ENSO (Kim et 

al. 2012), ETo might be better predicted during ENSO events. To evaluate this, we 

summarized the skill scores of ETo forecasts where the forecast initial seasons (Figures 

6-12 and 6-13) and target seasons (Figure 6-14) were classified as either El Niño 

(Oceanic Niño Index, ONI exceeds +0.5oC for at least 5 consecutive over-lapping 

seasons) or La Niña events (ONI is below -0.5oC for at least 5 consecutive over-lapping 

seasons) according to the historical ENSO episodes issued by NOAA’s Climate 

Prediction Center. Figure 6-12 shows the predictive skill of downscaled ETo by the 

SDBC method in different seasons at 0-month lead during ENSO events. While the ETo 

forecast skill was still negative in warm seasons, it was positive in cold seasons and 

higher than the forecast skill for the entire period (Figure 6-3). Figure 6-13 shows the 

predictive skill of the downscaled ETo by the SDBC method as a function of seasons 

and leads where forecast initial seasons were during ENSO events. It shows the 

forecast skill was higher than during the entire period at long leads (Figure 6-11). Figure 

6-14 shows the predictive skill of the downscaled ETo by the SDBC method as a 

function of seasons and leads where the forecast target seasons were during ENSO 

events. It shows the skill was negative at long leads even though it showed high skill at 

0-month lead. These results indicate that the CFSv2 model can predict ETo with good 

skill only when the forecast initial seasons were in either the El Niño or La Niña phase of 
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ENSO. The ETo forecasts were not skillful when the forecast target months were during 

an ENSO event but the forecast initial months were not.  

Concluding Remarks 

ETo is an important hydroclimatic factor for regional water resources planning 

and management. Based on the seasonal forecasts of Tmean, Tmax, Tmin, Rs, and 

Wind from the NCEP CFSv2, this study evaluated the deterministic and probabilistic 

forecasts of seasonal ETo and the predictability of the five relevant variables over the 

southeastern United States. The ETo was estimated by two methods. The first method 

(ETo1) calculated the coarse-scale ETo using the FAO PM equation with the input from 

the seasonal forecasts of Tmean, Tmax, Tmin, Rs, and Wind from the CFSv2, and then 

downscaled the coarse-scale ETo to a regional 12-km grid. The second method (ETo2) 

downscaled each of the five CFSv2 variables to the 12-km grid, and then calculated 

ETo using the FAO PM equation with those downscaled variables. Two methods of 

statistical downscaling were tested for all seasons and all leads, spatial disaggregation 

(SD) and spatial disaggregation with bias correction (SDBC).  

The CFSv2 showed potential to make deterministic and probabilistic forecasts of 

seasonal ETo and the five relevant variables in the southeastern United States. The skill 

for forecasting seasonal ETo varied with different seasons and across three states of 

the southeastern U.S.. Overall, the deterministic and probabilistic forecasts for both ETo 

methods were skillful at longer leads during the cold seasons, but showed no skill at any 

leads during the warm seasons. The ETo2 had slightly higher skill than ETo1 over 

space; however, there was little difference in terms of the forecast skill in different 

seasons or at different leads. In terms of the computational time, the SD method is more 

efficient than the SDBC method since it does not include the quantile mapping bias 
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correction procedure. However the SDBC method slightly improved the probabilistic 

forecast skill for most of the area except part of south Florida; the skill for probabilistic 

forecasts were significantly enhanced over all seasons with longer skillful leads during 

the cold seasons but the skill for all leads were still negative during the warm seasons.  

For downscaling of the forecasts of the five variables, the SDBC method improved the 

skill mostly in warm seasons when the SD method showed minor or negative skill; the 

improvement of the skill was over most of the study area especially over the areas 

showing minor or negative skill; the enhancements of the skillful forecast leads were 

mostly in warm seasons.  

Considering the similarity of forecast skill and the efficiency of computational 

time, ETo1 is the preferred method to ETo2 because it downscaled only one variable 

(ETo) instead of five. However, ETo2 is helpful to identify the skillful or unskillful 

variables and accordingly to determine the ETo calculation method. Based on this 

information, other approximate ETo calculation methods such as the Hargreaves 

method (Hargreaves and Samani 1985), Turc method (Turc 1961), or Priestley-Taylor 

method (Priestley and Taylor 1972) that require fewer variables might be as skillful as 

the PM method to produce ETo forecasts in the region (Droogers and Allen 2002; 

Martinez and Thepadia 2010; Sperna Weiland et al. 2012; Thepadia and Martinez 2012; 

Todorovic and Karic 2013). In addition, the replacement of unskillful variables with the 

climatology from reanalysis datasets has been shown to improve forecast skill (Tian and 

Martinez 2012a, 2012b). The improvement of skill for the SDBC method over the SD 

method implies the additional quantile mapping procedure is effective to correct the 
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systematic errors of the CFSv2 forecast since the SDBC method corrects for bias in the 

entire shape of the distribution.   

ETo was found to be better predicted by the CFSv2 model when the forecast 

initial seasons were in either the El Niño or La Niña phase of ENSO. However, the ETo 

forecasts were not skillful when the forecast target months were during an ENSO event 

but the forecast initial months were not. This result is consistent with the findings from 

the CFSv1 model, which was found to be able to capture the impact of ENSO on 

precipitation when the initial conditions already contained the ENSO signal (Yoon et al. 

2012).  

The variability of the ensemble of the forecasted variables was not evaluated in 

this work.  Such variability of the ensemble is most likely different among different 

variables. However, downscaling and bias-correction procedures could reduce the 

forecast uncertainty (e.g. Wilks and Hamill 2007). There are different methods to 

evaluate the uncertainty of ensemble forecasts (e.g. Wang in press). Such a study was 

beyond the scope of this paper. Future work could be conducted to evaluate the 

uncertainties associated with each of the forecasted variables and how much the 

downscaling and bias-correction could reduce such uncertainty.  

The CFSv2-based seasonal prediction of ETo showed moderate skill in cold 

seasons but no skill in warm seasons. The low performance of ETo prediction in 

summer was caused by the skill drops of Rs and Tmin. Our explanation is that more 

convective heating occurs in summer than in winter. Such convection could generate 

different weather conditions (e.g. clouds) at a small scale which are not captured by the 

CFSv2 due to its coarse resolution.  When the forecast target is in summer, most of the 
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forecasts except Tmean and Tmax showed no skill. These variables, including ETo, 

Tmin, Rs, and Wind, may not be ready for applications in planning and decision making 

in summer in the SEUS. Since Rs had no skill during summer and was found to be one 

of the most important influential variables for ETo estimation in the SEUS, efforts such 

as running the CFSv2 at a high grid spacing could be done in order to improve the Rs 

forecasts in the summer. When the forecast target is in winter, using the forecast 

product could potentially bring benefits for planning or decision making for different 

sectors even though the skill is moderate. For the application of ETo forecasts in 

agricultural water management, summer is not the only growing season for many crops 

in the SEUS due to the warmer climate, the forecast information in other seasons could 

be useful for farmers. The evaluation of the economic value for using the seasonal 

forecasts could be conducted in future work.  

The ETo forecasts produced in this work were bias corrected using the NLDAS-2 

fields which were based on interpolation of the NARR. While the NLDAS-2 data was 

used as a surrogate for observations, it may contain biases compared to station-based 

observations. Therefore, the downscaled and bias-corrected CFSv2 predictions 

produced by this work are still affected by the biases in the NLDAS-2 data. 

Nevertheless, the methods for ETo estimation and forecasts used in this work are ready 

to be extended to other regions. The evaluation of the forecast skill can provide valuable 

information for users who want to use the seasonal forecast product. The downscaled 

seasonal ETo forecast product could potentially be used to drive hydrological models, 

urban water supply and demand models, and crop models, inform irrigation schedules, 

guide water resources planning, assess the risk of climate variability, etc., and thus 
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improve the reliability of decision-making and reduce risk in different societal sectors 

such as water management, resource management, and agricultural production 

management. 
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Table 6-1. The overall average MSESS and BSS for different downscaled CFSv2 
variables in 0-month lead by SD and SDBC methods. The MSESS and BSS 
are evaluate the the overall skill and tercile skill, respectively. 

Variables   SD   SDBC 

  
MSESS BSS 

 MSESS BSS 

  
 

  Below Near Above 
 

  Below Near Above 

Tmean 
 

0.367 0.196 -0.083 0.158 
 

0.379 0.216 -0.048 0.173 

Tmax 
 

0.410 0.177 -0.165 0.218 
 

0.443 0.254 -0.053 0.261 

Tmin 
 

0.148 0.012 -0.111 -0.038 
 

0.145 0.020 -0.086 -0.025 

Rs 
 

0.027 -0.092 -0.120 -0.071 
 

-0.020 -0.083 -0.094 -0.053 

Wind   -0.172 -0.100 -0.081 -0.115   -0.055 -0.095 -0.081 -0.111 
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Table 6-2. As in Table 6-1 but for downscaled ETo 

Variables SD   SDBC 

 
MSESS BSS 

 MSESS BSS 

  
Below Near Above 

  
Below Near Above 

ETo1* 0.156 -0.070 -0.353 -0.033   0.052 -0.002 -0.089 0.034 

ETo2** 0.188 -0.089 -0.334 0.043 
 

0.216 -0.006 -0.212 0.099 
* ETo1 was calculated using the CFSv2 variables before downscaling 
** ETo2 was calculated using the downscaled CFSv2 variables  
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Table 6-3. Spatial average of monthly sensitivity coefficients for Tmean, Tmax, Tmin, 
Rs, and Wind over the SEUS.  

  Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

STmean 0.07 0.10 0.13 0.17 0.21 0.22 0.23 0.22 0.17 0.12 0.08 0.06 

STmax 0.76 0.78 0.76 0.78 0.77 0.82 0.84 0.81 0.97 0.94 1.04 0.81 

STmin -0.16 -0.18 -0.22 -0.25 -0.30 -0.35 -0.40 -0.40 -0.42 -0.35 -0.33 -0.21 

SRs 0.57 0.61 0.66 0.71 0.78 0.82 0.84 0.84 0.77 0.69 0.60 0.56 

SWind 0.14 0.11 0.08 0.06 0.04 0.04 0.03 0.03 0.06 0.10 0.15 0.16 



 

162 

 
Figure 6-1. Example of a subset of sixteen (1.0o × 1.0o) grid points covering the Tampa 

Bay area. The small points denote where NLDAS-2 data are available. Large 
black squares denote where the CFSv2 reforecast data are available. 
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Figure 6-2. Comparison of skill scores of five CFSv2 downscaled variables by the SD 

and SDBC methods as a function of season of the year in 0-month lead: (a) 
MSESS for SD, (b) below normal BSS for SD, (c) near normal BSS for SD, 
(d) above normal BSS for SD, (e) MSESS for SDBC, (f) below normal BSS for 
SDBC, (g) near normal BSS for SDBC, and (h) above normal BSS for SDBC. 
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Figure 6-3. Comparison of skill scores of downscaled ETo by the SD and SDBC 

methods as a function of season of the year in 0-month lead: (a) MSESS, (b) 
below normal BSS, (c) near normal BSS, (d) above normal BSS. 
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Figure 6-4. The average skill scores of the downscaled CFSv2 variables by the SD 

method for the deterministic and tercile forecasts across the southeastern 
U.S. 
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Figure 6-5. As in Figure 6-4 but for the SDBC method 
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Figure 6-6. The average skill scores of the downscaled ETo by the SD and SDBC 

methods for the deterministic and tercile forecasts across the southeastern 
U.S. 
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Figure 6-7. Monthly average of absolute sensitivity coefficients for Tmean, Tmax, Tmin, 

Rs, and Wind over all seasons in the SEUS. 
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Figure 6-8. The average skill scores of downscaled CFSv2 Tmean, Tmax, Tmin, Rs, 

and Wind (top to bottom) by the SD method as a function of seasons (JFM to 
DJF) and lead time (0 to 9 month). The thick contour denotes 0. 
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Figure 6-9. As in Figure 6-8 but for the SDBC method 
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Figure 6-10. The average skill scores of ETo1 and ETo2 by the SD method as a 

function of seasons and lead time. The thick contour denotes 0. 
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Figure 6-11. As in Figure 6-10 but for the SDBC method 
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Figure 6-12. The skill scores of downscaled ETo by the SDBC method as a function of 
season of the year in 0-month lead during ENSO events: (a) MSESS, (b) 
below normal BSS, (c) near normal BSS, (d) above normal BSS 
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Figure 6-13. The average skill scores of ETo1 and ETo2 by the SDBC method as a 

function of seasons and lead time. The forecast initial season is during ENSO 
events. The thick contour denotes 0. 
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Figure 6-14. The average skill scores of ETo1 and ETo2 by the SDBC method as a 
function of seasons and lead time. The forecast target season is during 
ENSO events. The thick contour denotes 0. 
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CHAPTER 7 
STATISTICAL DOWNSCALING MULTI-MODEL FORECASTS FOR SEASONAL 

PRECIPITATION AND SURFACE TEMPERATURE OVER SOUTHEASTERN USA 

Chapter Introduction 

Seasonal climate variability has great impact on many sectors such as 

agriculture, water resources, human health, ecosystems, transportation and 

infrastructure. If seasonal climate conditions can be predicted a few months in advance, 

there is potential to reduce the damage caused by climate variability or take advantage 

of the benefits brought by it. There are two aspects that make the seasonal climate 

predictable: parts of geophysical system such as the oceans and the land are evolving 

much slower than the atmosphere, and the useful information of long lead seasonal 

forecasts can be extracted from large averaging in time and space and does not have to 

be the same quality as a weather forecast (Troccoli 2010).  

Due to the predictability of seasonal climate variability, dynamical models and 

statistical models have been developed for seasonal forecasting. Weather and climate 

forecast centers such as the National Centers for Environmental Prediction (NCEP) and 

the European Center for Medium Range Weather Forecasts (ECMWF) make dynamical 

predictions using fully coupled ocean-atmosphere general circulation models (GCMs). 

These models have demonstrated skill in forecasting SSTs at global or continental 

scales (Troccoli 2008), but they cannot accurately predict land surface variables such 

as precipitation rate (P) and surface air temperature (T2M) beyond 1-month lead 

consistently in all regions even though these forecasts provide direct information for 

agricultural management, water resources and irrigation planning, flood and drought 

forecasting, etc. (e.g. Lavers et al. 2009; Saha et al. 2012; Weisheimer et al. 2009; 

Yuan et al. 2011). In addition to this, GCMs are typically configured at effective 
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resolutions of 100 to 300-km which are too coarse to represent local features. As an 

alternative approach to dynamical models, statistical models have often used the 

observed antecedent SSTs in tropical oceans as predictors of local P and T2M (Troccoli 

2008). While such statistical models are black-box models and their applications are 

restricted by locations, they can give comparable and even higher skill for some regions 

and are much less expensive and more straightforward than dynamical models.   

While GCM P and T2M forecasts have coarse resolution and suffer from 

systematic errors, there are several techniques that can be used to compensate for 

these limitations. Statistical or dynamical downscaling procedures can to be employed 

to produce local-scale P and T2M forecasts from a GCM (Fowler et al. 2007). Statistical 

downscaling employs the statistical relationship between the GCM output and the local 

observed weather, while dynamical downscaling uses GCM output to provide initial and 

boundary conditions for a regional climate model (RCM) to produce local-scale 

forecasts. Dynamical downscaling is computationally intensive and the errors from both 

the GCM and the RCM are propagated to the downscaled predictions and typically need 

an additional statistical post-processing step to correct for systematic error (Hwang et 

al. 2011; Yoon et al. 2011). Compared to dynamical downscaling, statistical 

downscaling is computationally efficient and straightforward to apply; and the statistical 

downscaling methods inherently correct the model bias.  

Statistical downscaling methods can be classified into three categories: perfect 

prognosis (PP), model output statistics (MOS), and weather generators (WGs) (Maraun 

et al. 2010). PP approaches calibrate the statistical model (often regression-related 

methods) using the observed large-scale field (predictor) and observed local-scale 
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weather (predictand) and use the GCM forecast field as the predictor in the calibrated 

statistical model to produce the local-scale forecast (Maraun et al. 2010). The 

commonly used statistical models for PP are: linear models, generalized linear and 

additive models, vector generalized linear models, weather type-based downscaling, 

nonlinear regression, and analog methods (e.g. Haylock et al. 2006; Juneng et al. 2010; 

Kang et al. 2007; Tian and Martinez 2012a, 2012b; Yates et al. 2003). MOS approaches 

produce the downscaled field by directly calibrating the spatially disaggregated or 

dynamically downscaled GCM output using observations. Many MOS approaches have 

been applied to downscale GCMs (e.g. Abatzoglou and Brown 2012; Wood et al. 2004; 

Yoon et al. 2011), or to compare atmospheric models with fully coupled models 

(Landman et al. 2012; Ndiaye et al. 2011). WGs are statistical models that generate 

random sequences of local-scale weather with the temporal and spatial characteristics 

that resemble the observed weather. For downscaling purposes, WGs need to be used 

in conjunction with MOS or PP methods (e.g. Feddersen and Andersen 2005). Some 

other statistical downscaling techniques such as the Bayesian merging technique have 

also been applied to seasonal forecasts (e.g. Luo and Wood 2008; Luo et al. 2007; 

Yuan et al. 2013). The major limitation of statistical downscaling is it requires long series 

of retrospective forecasts (reforecasts or hindcasts) and observations to derive the 

statistical relationship.   

Another technique to improve GCM seasonal forecast skill is through multi-model 

ensembles (MMEs). The MME forecasts combine multiple GCMs and often have higher 

skill than any individual model (e.g. Juneng et al. 2010; Kar et al. 2012a; Krishnamurti et 

al. 2000; Lavers et al. 2009; Yun et al. 2003). The benefits of MMEs are due to the 
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increased ensemble size that generates the full spectrum of possible forecasts by 

including models with different physics, numerics, and initial conditions (Hagedorn et al. 

2005). Several algorithms have been developed to combine MME forecasts to produce 

probabilistic or deterministic forecasts. These methods vary from the simplest 

combination of unweighted ensembles or the ensemble mean of different models (e.g. 

Hagedorn et al. 2005; Landman and Beraki 2012; Mason and Mimmack 2002; Peng et 

al. 2002; Tippett and Barnston 2008), to more complex weighted ensembles using 

multiple linear regression, maximum likelihood, or Bayesian techniques (e.g. Bohn et al. 

2010; Doblas-Reyes et al. 2005; Duan et al. 2007; Kar et al. 2012b; Kharin and Zwiers 

2002; Raftery et al. 2005). A number of studies have shown that the latter approaches 

do not always have higher skill than the simple unweighted ensemble approach 

especially when the sample size is relatively small (e.g. Doblas-Reyes et al. 2005; 

Landman and Beraki 2012).  

There are strong connections between large-scale oceanic-atmospheric 

oscillations and local land surface variables in many regions of the globe. A number of 

studies have employed such semi-empirical relationships to predict long-lead land 

surface variables such as precipitation and streamflow at several locations using 

different data-driven statistical models (e.g. Grantz et al. 2005; Juneng et al. 2010; Kalra 

and Ahmad 2012; Regonda et al. 2006). The most commonly used oceanic-

atmospheric oscillations are based on SST anomalies in the tropical Pacific Ocean 

associated with the El Niño-South Oscillation (ENSO). ENSO has been shown to have 

significant influence on precipitation and streamflow in the SEUS (Johnson et al. 2013; 

Schmidt et al. 2001; Sun and Furbish 1997). Many GCMs have shown high skill for 
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predicting tropical SST at long leads (e.g. Lavers et al. 2009; Saha et al. 2012; 

Weisheimer et al. 2009), and such information is attractive for use with the PP 

downscaling approaches to predict local land surface variables. 

This raises a question whether seasonal P and T2M at local scale are predictable 

using GCMs’ tropical SST prediction. In other words, is there any added value to local-

scale P and T2M prediction using GCMs’ tropical SST prediction against directly 

downscaling these land surface fields from GCMs for different locations, seasons, 

leads, and MME schemes? Thus, it is necessary to conduct a comprehensive 

assessment of the local-scale P and T2M prediction from multiple climate models using 

direct methods (MOS, downscaling from GCMs’ P and T2M) and indirect methods (PP, 

prognosis from SST prediction) for all lead times and seasons over a region. The 

investigation of these local forecasts can provide valuable information for decision-

making in water and natural resources, agriculture, infrastructure planning, and other 

sectors at the regional scale.  

This research was conducted over three states (Alabama, Georgia, and Florida) 

in the SEUS. The paper is organized as follows: Section 2 describes the dataset and 

methodology used in this study. Section 3 presents results. Discussion and conclusions 

are given at Section 4. 

Data and Methods 

The Datasets 

The newly developed hindcast dataset from the NMME system was used in this 

work. The NMME is a forecasting system that currently includes GCMs from the 

National Oceanic and Atmospheric Administration’s (NOAA) NCEP and Geophysical 

Fluid Dynamics Laboratory (GFDL), the International Research Institute for Climate and 
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Society (IRI), the National Center for Atmospheric Research (NCAR), and the National 

Aeronautics and Space Administration (NASA). The hindcast dataset of the NMME is 

archived at the IRI. The P and T2M from nine NMME models and SST from seven 

NMME models have been used in this study. Table 7-1 shows the basic information of 

the hindcast archives from nine models of the NMME. All model outputs are monthly 

forecasts at 1.0o×1.0o resolution (approximately 100 km) (Figure 7-1) with at least 7-

month lead time and covering a 29 years period (1982 to 2010 or 1981 to 2009). All the 

monthly forecasts of P, T2M, and SST were converted to seasonal means by 

calculating three-month moving averages. Since the hindcasts from GFDL-aer04, 

GMAO, and GMAO-062012 had missing data, this paper mainly focused on comparing 

the remaining six models for all seasons and leads over the SEUS.  

Observed monthly SST in the Niño3.4 region (Jan 1982 to Dec 2010) (170°W-

120°W, 5°S-5°N) was obtained from NOAA’s Climate Prediction Center 

(http://www.cpc.ncep.noaa.gov/data/indices/). Monthly values were converted to three-

month seasonal means.  P and T2M from the National Land Data Assimilation System 

phase 2 (NLDAS-2) forcing dataset (Xia et al. 2012a; Xia et al. 2012b) were used as a 

surrogate for long-term observations for forecast verification and downscaling (as 

described in section 2.b and 2.c). The NLDAS-2 is available at a 0.125o × 0.125o 

(approximately 12 km) (Figure 7-1) resolution over North America with an hourly time-

step from 1979 to present. The NLDAS-2 forcing dataset was developed for driving 

land-surface models and was mostly derived from the North American Regional 

Reanalysis (Mesinger et al. 2006) and observations. Seasonal values of P and T2M 

from January 1982 to December 2010 were used in this study. To calculate seasonal P, 

http://www.cpc.ncep.noaa.gov/data/indices/
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hourly values were aggregated into daily values, and then averaged into monthly values 

and converted to three-month moving averages. T2M was calculated from daily 

maximum and minimum temperature (Tmax and Tmin) which were extracted from 

hourly values, averaged into monthly values, and converted to three-month moving 

averages.  

The MME Schemes 

There are a number of algorithms to combine multiple GCMs. This work used two 

simple MME schemes to combine models of the NMME system to generate both 

deterministic and probabilistic forecasts. One approach combined all forecast members 

of the NMME models into a “super ensemble” (SuperEns) which assigns equal weight to 

all member forecasts. For the SuperEns method, the probabilistic forecast was 

generated using all the forecast members and the deterministic forecast were calculated 

by averaging all members. The other approach assigned equal weights to each model 

to create a “mean ensemble” (MeanEns); the MeanEns assigns equal weights to each 

models' ensemble means. The probabilistic forecast and deterministic forecast were 

generated using the ensemble of model ensemble means and by averaging the 

ensemble means of all models, respectively. 

The PP Downscaling Methods 

The PP downscaling method establishes statistical models using large-scale and 

local-scale observed data and applies these models to the GCMs output. Two 

regression-based PP downscaling methods were conducted for each member of the 

NMME model. The first PP method was a traditional linear regression (LR) model and 

the other was a nonparametric locally weighted polynomials regression (LWPR) model. 

For both regression models, the predictor was the spatial average of Niño3.4 SSTs and 
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the predictand was P or T2M. The regression models were first trained using the 

observed Niño3.4 SST and the P or T2M of the NLDAS-2 in the SEUS for each season 

and each grid point over the SEUS, and then these trained models were applied to the 

quantile mapping (see Section 2d) bias-corrected SST from each of the NMME forecast 

members to predict P or T2M for all seasons and leads over all the grid points over the 

SEUS. Before fitting the model, the P data was transformed by taking a square root to 

remove some of the skewness (e.g. Dettinger et al. 2004; Hidalgo et al. 2008). The LR 

and LWPR models and downscaling procedures are briefly described below. 

The LR model is widely used in hydroclimate forecasting around the world (e.g. 

McCabe and Dettinger 2002; Piechota et al. 2001; Singhrattna et al. 2005). The LR fits 

a linear function between the predictor (SST) and response variable (P or T2M): 

0 1t t tY a a x     t = 1, 2, …, N      (7-1) 

where the coefficients ao and a1 are estimated from the data by minimizing the sum of 

squares of the errors; t is the residual, which is assumed to follow a normal distribution 

with a mean of zero and a standard deviation estimated from the data; N is the number 

of observations. Once the model is fit, model residuals are then determined and the 

fitted model can be used to predict the mean value of the response variable (Ynew) with 

new values of the predictor (SST from the NMME). To include the uncertainties of the 

regression model and generate an ensemble forecast for each member, ten deviates 

were stochastically generated from the normal distribution of t. The ensemble for each 

forecast member was then generated by adding these ten random deviates to Ynew. The 

main drawbacks of the LR model are the assumption of the Gaussian distribution of the 

data and the fitting of a global linear relationship between variables.  
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If the relationship between variables is nonlinear, higher-order functions 

(quadratic, cubic, etc.) should be considered.  However, a robust model is difficult to 

achieve without datasets of adequate length in order for the local nonlinear features to 

be well captured. The LWPR model (Loader 1999) is a nonparametric local regression 

method that can estimate the function locally and capture any linear or nonlinear feature 

of the data.  While the LWPR model has been successfully used for several 

hydroclimate applications (e.g. Grantz et al. 2005; Lall et al. 2006; Singhrattna et al. 

2005), this study is the first, to the authors’ knowledge, to use it for downscaling 

purposes. The basic form of the model is: 

 t t tY f x    t = 1, 2, …, N      (7-2) 

where the function f can be a linear or nonlinear, t is the residual, which is assumed to 

follow a normal distribution with zero mean and standard deviation estimated from the 

data; N is the number of observations. The LWPR method fits the function f locally to 

estimate Y. In this procedure, the value of the function f at any point xt is obtained by 

fitting a polynomial of order p to a small number of neighbors (K) to xt using a weighted 

least-squares approach, and then the model residuals are determined. The mean value 

of a response variable (Ynew) is estimated by the fitted polynomial function with a new 

value of the predictor. This study adopted a similar approach to the LR model to 

generate an ensemble forecast for each member. This approach has shown good 

results with a small sample size (Singhrattna et al. 2005). Similar to the LR, ten deviates 

were stochastically generated from the normal distribution of t and these random 

deviates were added to Ynew to generate the ensemble for each member of the NMME. 

In addition to the stochastic generator, the nonparametric K nearest neighbor (KNN) 
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approach could be used to resample the residuals and generate an ensemble forecast. 

The benefit of the KNN approach is that there is no normality assumption for the 

residuals, but this approach only works well with a large sample size (Grantz et al. 

2005; Prairie et al. 2005; Singhrattna et al. 2005) and thus was not tested in this study. 

The package LOCFIT (Loader 1999) was used in the fitting process; the optimal values 

of the neighborhood size (K) and the polynomial order (p) (usually 1 or 2) were obtained 

by minimizing the generalized cross-validation (GCV) score function: 
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where ei is the error (the difference between the model estimate and observed), N is the 

number of data points, m is the number of parameters.  

The MOS Downscaling Methods 

The MOS method calibrates the model output against the observations. In this 

study, two interpolation-based MOS downscaling methods, spatial disaggregation (SD) 

and spatial disaggregation with bias correction (SDBC), were conducted for each 

member and each lead forecast of the NMME models. The SD and SDBC methods 

were modified from the widely used bias correction and spatial disaggregation (BCSD) 

method (e.g. Christensen et al. 2004; Maurer et al. 2010; Salathe et al. 2007; Wood et 

al. 2002; Wood et al. 2004; Yoon et al. 2011). These two methods are briefly described 

below.  

The SD method consists of two steps. The first step is to spatially interpolate the 

anomalies of the NMME P and T2M forecasts to the resolution of the NLDAS-2 (0.125o 

× 0.125o) using the inverse distance weighting (IDW) technique. The anomalies were 
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the difference between the model forecasts and the climatology of the model forecast 

for each season. The second step is to produce the forecasts by adding the climatology 

of the NLDAS-2 to the interpolated anomalies of the model forecast. The systematic 

errors were corrected in this step since the climatology of the NLDAS-2 replaced the 

climatology of the model forecasts.  

The IDW technique first computes distances from the interpolating target grid 

points to all other grid points in the dataset and then calculates weights based on the 

distances. The P or T2M anomalies of the interpolating target grid points are the 

weighted average of the P or T2M anomalies of the NMME grid points. The weighting 

function is: 
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where Ẑ is the estimated anomalies, Z is the anomalies at the NMME grid point, di is the 

distance between the interpolating target grid point and the NMME grid point, p is the 

power to which the distance is raised (a power of 2 was used in this work), and (X,Y) 

represents the coordinate.  

The SDBC method was developed by Abatzoglou and Brown (2012) by reversing 

the order of the BCSD method, which has been found to improve skill for reproducing 

local-scale temporal statistics (Hwang and Graham 2013). Compared to the SD method, 

the SDBC method has one additional step of bias correction using the quantile mapping 
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technique (Panofsky and Brier, 1958; Wood et al., 2002). The first step is to spatially 

interpolate the anomalies of the NMME P and T2M forecasts to the NLDAS-2 resolution 

(0.125o × 0.125o) using the IDW technique. The next step is to use the quantile mapping 

technique with the anomalies of the NLDAS-2 to bias correct the anomalies of the 

interpolated model output. The quantile mapping technique includes three steps: (1) 

creating cumulative density functions (CDFs) of the anomalies of NLDAS-2 forcing data 

for each grid point, (2) creating CDFs of the NMME anomalies for each grid point and 

lead time, (3) using the quantile mapping that preserves the probability of exceedence 

of the NMME anomalies, but corrects the NMME anomalies to the value that 

corresponds to the same probability of exceedence from the anomalies of NLDAS-2. 

Thus, bias-corrected data on time i at grid j was calculated as, 

     ' 1

, , , ,( )i j obs j sim j i jx F F x      (7-6) 

where F(x) and F-1(x) denote a CDF of the data and its inverse, and subscripts sim and 

obs indicate downscaled NMME anomalies and NLDAS-2 anomalies, respectively. Thus 

both the mean and variance of the forecast anomalies were corrected in probability 

space. The final step is to produce the forecast by adding the climatology of the 

NLDAS-2 to the bias corrected interpolated anomalies of the NMME.  

Forecast Verification 

Seasonal skill for both deterministic and probabilistic forecasts for each NMME 

model and the two MME schemes were evaluated for each grid point from 0- to 7-month 

lead and summarized by season. The deterministic forecasts were calculated by the 

ensemble mean of the forecast members. The mean squared error skill score (MSESS) 

was computed for each grid point, each season, and each lead. The MSESS is a 
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relative skill measure that compares the downscaled forecasts with the climatology 

forecast, which was the mean of the NLDAS-2 seasonal values in the forecast target 

season. The mean squared error of the forecasted values (MSEf) and the mean 

squared error of the climatology (MSEc) were calculated for each grid point for each 

season and lead. The MSESS is then calculated by: 
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MSESS ranges from -∞ to 1.0, with values of 0 indicating the forecast has the same skill 

as climatology, negative values indicating the forecast has worse skill than climatology, 

and 1.0 indicating a perfect forecast.  

The Brier skill score (BSS) was employed to evaluate the skill of probabilistic 

forecasts in terciles (above normal, near normal, and below normal) for each grid point, 

each season, and each lead. The terciles were defined from the data of NLDAS-2 in the 

forecast target season. The equation for the BSS is (Wilks 2011): 
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where BSf is the Brier score of the forecast and BSc is the Brier score of climatology (the 

NLDAS-2 seasonal values in the forecast target season). The BSf and BSc were 

calculated as: 
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where n is the number of forecasts and observations of a dichotomous event, pi
f is the 

forecasted probability of the event using the forecasts, and pi
c is the forecasted 

probability of the event using climatology (which is always 33.3%); Ii
o = 1 if the event 

occurred and Ii
o = 0 if the event did not occur. The BSS ranges between -∞ to 1.0, and 

values of the BSS of 1 indicate perfect skill and values of 0 indicate that the skill of the 

forecast is equivalent to climatology. 

Since the forecasts need to be tested on a sample of independent data, a cross-

validation procedure was conducted for the SD and SDBC methods. We tested both 

leave-one-out and leave-three-out cross-validation procedure for bias-correction of SST. 

For leave-one-out (leave-three-out) cross validation, we left the target season (target 

season plus two neighbor seasons) out when creating the CDFs of the anomalies and 

calculating the NLDAS-2 climatology. A student’s t test was conducted to compare the 

squared error of the NMME ensemble forecasts from these two procedures, and found 

there was no significant difference between them (p-value>0.4 for all seasons and 

leads). In addition, the inter-annual autocorrelation in the data was small and 

insignificant. Therefore, the leave-one-out cross-validation was justified and was 

conducted for all bias-corrections in SD and SDBC methods. For the LR and LWPR 

methods, the cross-validation procedure was not required, since the regression models 

were trained using the NLDAS-2 and tested using the GCM forecasts. 

Results 

In the following sections, we defined skill scores below 0 as “no skill”, between 0 

and 0.2 as “limited skill”, between 0.2 and 0.4 as “noticeable skill”, and above 0.4 as 

“high skill”. The results for near normal probabilistic forecasts were not shown, because 
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all near normal probabilistic forecasts showed no skill as many previous studies found 

(e.g. Van Den Dool and Toth 1991). 

Model Performance on Forecasting Niño3.4 SST  

Since ENSO has significant impact on the seasonal climate variability in the 

SEUS, we first evaluated the skill of the quantile mapping bias-corrected spatial 

average SST in the Niño3.4 region for each of the NMME models. Figure 7-2 shows the 

Niño3.4 SST forecast skill for six NMME models as a function of season and lead time. 

All the models showed high skill in predicting the SST for most leads. While the CFSv1 

is the predecessor of the CFSv2, the CFSv1 was more skillful than CFSv2 in fall and 

winter seasons but showed lower skill at far leads when the target seasons were in 

spring. This result is consistent with Barnston and Tippett (2012) who explained the low 

skill was mainly caused by a discontinuity in the initial condition climatology of the 

CFSv2 and this discontinuity turns out to be most prominent in the tropical Pacific region 

(Kumar et al. 2012; Xue et al. 2011).  

Overall Mean Forecasting Skill 

The overall mean forecasting skill was calculated by averaging the skill scores 

over space and seasons. Tables 7-2 and 7-3 summarize the P and T2M overall mean 

skill scores for each downscaling method and for each model and MME scheme for the 

first forecast season (0-month lead), respectively. In general, both Tables 7-2 and 7-3 

showed the SDBC and the LWPR methods had higher skill than the SD and the LR 

methods. This is because the additional quantile mapping bias correction procedure 

reduced the bias, and the local regression captured the nonlinear feature between 

variables. For the P forecast, all the models (except the CFSv2) with the PP 

downscaling methods (LR and LWPR) showed higher skill than the MOS downscaling 
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methods (SD and SDBC); for the T2M forecast, the CFSv2, MeanEns, and SuperEns 

with the MOS downscaling methods showed higher skill than the PP downscaling 

methods.  

Performance of Single Models 

In this section, we showed results for deterministic forecasts and above and 

below normal probabilistic forecasts for single NMME model forecasts.  

Figures 7-3 to 7-6 show the deterministic and probabilistic forecast skill for the P 

and T2M forecasts for six NMME models downscaled by SDBC and LWPR at 0-month 

lead for winter (DJF) and summer (JJA) over space. For the P forecasts downscaled by 

the SDBC method in winter, all six models showed noticeable skill or high skill over a 

great area of the SEUS. But in summer, only CFSv1 and CFSv2 showed limited skill 

and the other four models showed no skill (Figure 7- 3). The LWPR method showed 

noticeable skill or high skill in DJF and limited skill in JJA (Figure 7-4). For the T2M 

forecasts downscaled by the SDBC method in winter, only the CFSv2 and the GFDL 

models showed limited to high skill and the other four models showed no skill or limited 

skill over the region; in summer, only CFSv1 and CFSv2 showed noticeable or high skill 

for most of the region and other models mostly showed no skill (Figure 7-5). In contrast 

with the SDBC method, while the LWPR method for the T2M forecasts only showed 

limited skill (Figure 7-6).   

The P and T2M forecast skill as a function of season and lead were calculated by 

averaging the skill scores over space. Figures 7-7 to 7-10 show the deterministic and 

probabilistic forecast skill for P and T2M for six NMME models downscaled by SDBC 

and LWPR as a function of target season and lead time. In Figure 7-7, we compared the 

six model’s P forecasts downscaled by the SDBC method. There was no skill when the 
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forecast target was in summer seasons; while for deterministic forecasts five models 

showed limited or noticeable skill for all leads for winter seasons except the CCSM3 

showing no skill, for probabilistic forecasts only CFSv1 and CFSv2 show limited skill for 

winter seasons. Figure 7-8 shows the skill of the P forecasts downscaled by the LWPR 

method as a function of target season and lead time.  Figures 7-9 and 7-10 provide the 

T2M forecast skill as a function of target season and lead time for the SDBC method 

and the LWPR method, respectively. For the SDBC method, only the CFSv1 and the 

CFSv2 models showed more than limited skill at near lead over all seasons; the other 

four models mostly showed no skill at all leads throughout the year (Figure 7-9). The 

LWPR method showed no skill or limited skill for warm seasons even at near lead 

(Figure 7-10).  

To compare the skill between the LWPR and SDBC methods for each season 

and lead time, we calculated the mean difference between the skill scores of the LWPR 

and SDBC over all grid points (the LWPR skill scores minus the SDBC skill scores). 

Figures 7-11 and 7-12 show, for all leads and seasons, the LWPR method improved 

most models’ forecast skill (except the CFSv2 model) compared to the SDBC method. 

Since these comparisons were based on a very large sample size (3385 grid points), 

the 95% confidence interval were extremely small (around ±0.005). These 

improvements were considered as statistically significant. 

Performance of Ensemble Forecasts 

In this section, we report the deterministic and probabilistic forecast skill for the 

two MME forecasts (MeanEns and SuperEns) and compare these results with the single 

models.  
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The P and T2M forecast skill over space were shown for winter (DJF) and 

summer (JJA) at 0-month lead. For P forecasts, the SDBC SuperEns, and the LWPR 

SuperEns and MeanEns showed noticeable skill or high skill in winter but limited skill in 

summer; the SDBC MeanEns showed less skill than the other three methods in both 

seasons (Figure 7-13). For the T2M forecast, the SDBC SuperEns showed high skill or 

noticeable skill in DJF and JJA over the region; the SDBC MeanEns showed less skill 

than the SDBC SuperEns but higher skill than the LWPR SuperEns and MeanEns 

(Figure 7-14). The P and T2M forecasting skill at all leads were calculated by averaging 

the skill scores over space. For the P forecasts, the SDBC SuperEns and the LWPR 

SuperEns and MeanEns limited skill or noticeable skill in cool seasons even at far leads 

but less than limited skill in warm seasons, but the SDBC MeanEns mainly showed no 

skill for all leads at all seasons (Figure 7-15). For the T2M forecast, the SDBC MeanEns 

showed no skill after lead 1; the LWPR SuperEns and MeanEns showed noticeable skill 

in cool seasons and had farther skillful leads than the SDBC SuperEns in cool seasons 

but no skill in warm seasons; the skill of the SDBC and LWPR methods was 

complementary for T2M forecasts (Figure 7-16). For both P and T2M forecasts, the 

SDBC SuperEns always had better performance than the SDBC MeanEns. This was 

because the models with more forecast members such as CFSv2 showed higher skill 

and MeanEns assigned less weight than SuperEns to these skillful models. 

To compare SuperEns with single model forecast for each season and lead time, 

we calculated the mean difference between the skill scores of SuperEns and every 

single model over all grid points (SuperEns skill scores minus single model skill scores). 

Due to the limited space, we only compared the forecasts downscaled by the SDBC 
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method. Figures 7-17 and 7-18 show the SuperEns P and T had similar skill to the 

CFSv2 P and T but higher skill than the other models. As explained in Section 3.c, 

these improvements were considered as statistically significant. 

Discussion and Conclusions 

We used two MOS approaches (SD and SDBC) and two PP approaches (LR and 

LWPR) to statistically downscale the NMME models and two MME schemes (SuperEns 

and MeanEns) for P and T2M forecasts. The downscaled probabilistic and deterministic 

forecast skill were assessed over the SEUS for each of the NMME models and model 

ensembles for all leads and seasons. The SDBC and LWPR showed higher skill than 

the SD and the LR method due to the additional quantile mapping bias-correction and 

the local regression that captures the nonlinear features between variables. For the 

SDBC method, the P forecast of all NMME models and ensembles showed skill for 

winter seasons but no skill for summer seasons, whereas only the T2M forecast of the 

CFSv2 and SuperEns showed skill throughout the year over the SEUS. For the LWPR 

method, both P and T2M forecast skill were similar for all single models and the model 

ensembles with the winter seasons showing positive skill and summer seasons showing 

no skill or limited skill. The LWPR is a nonlinear nonparametric local regression method 

that generally showed higher skill than the other methods.  To the authors’ knowledge, 

this work was the first to apply LWPR for statistical downscaling. The skill for the LWPR 

method was generally higher than the SDBC method. This result implies the local P is 

likely to be better predicted indirectly using SSTs than directly downscaling and bias 

correct the model P field, whereas the T2M field could be better predicted by directly 

downscaling and bias correcting the model output. The PP downscaling methods 

showed significantly higher skill than the MOS downscaling methods in most cases. 
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While the SuperEns showed higher skill than the MeanEns and showed similar skill to 

the best single models for the SDBC method, the SuperEns and MeanEns showed 

similar skill to each other and to the best single models for the LWPR method. In 

summary, the forecast skill varies among different models, ensemble schemes, 

variables, seasons, and locations. The skillful downscaled forecasts could be useful in 

agriculture, water resources, human health, ecosystems, transportation and 

infrastructure; and the downscaling framework could be applied in the other parts of the 

world. 

The PP methods used in this study are based on the relationship between the 

Niño3.4 SST and the local P and T2M in the SEUS, which generally showed higher skill 

than the MOS methods that are based on the bias correction of the spatially 

disaggregated raw model output. This indicates the GCMs were able to better simulate 

large-scale ocean variables than the local-scale P and T2M, as explained by Juneng et 

al. (2010). The PP methods successfully enhanced the forecast skill by statistically 

relating the large-scale climate signal of ENSO with the local P and T2M in the SEUS. 

For the PP method, the similarity of the skill scores between P and T2M and among 

different locations suggests the Niño3.4 SST equally affect the P and T2M at almost 

every location over the region of interest. To improve the P forecast using the MOS 

procedure, some predictable low-level circulation fields such as geopotential height 

fields, moisture field at standard pressure levels, thickness fields, etc. can be 

considered as predictors of the P field (e.g. Landman et al. 2012). Since the NMME has 

not archived low-level circulation fields, we did not consider these fields in this study but 

it can be explored in the future studies. 
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The use of the PP methods in this study was justified by two reasons. First, the P 

and T2M in the SEUS have strong connections with the ENSO signal between October 

and March, with El Niño (La Niña) years tending to be cooler (warmer) and wetter 

(dryer) during these months (Ropelewski and Halpert 1986). Second, the Niño3.4 SST 

as a primary indicator of ENSO was highly predictable by the NMME models particularly 

in the winter seasons. However, none of the four statistical downscaled forecasts 

showed even modest skill in summer seasons. The poor performance of the MOS was 

likely due to the inability of the GCMs to simulate the strong local convective climate in 

summer seasons in the SEUS. Since ENSO is only significantly correlated to the local P 

and T2M in the SEUS in cool seasons, it is expected that the PP method would not do 

well in summer seasons. Other than ENSO, there are other large-scale SST-based 

variables associated with the climate in the SEUS including the Pacific Decadal 

Oscillation and Atlantic Multi-Decadal Oscillation (e.g. Johnson et al. 2013; Martinez 

and Jones 2011; Martinez et al. 2009). The forecast skill can be further improved with 

the PP method in summer seasons if the historical forecasts for the NMME system were 

long enough to represent these longer-term phenomena.  

The MME forecasts in this study were based on combining all forecast members 

(SuperEns) and assigning equal weights to each model (MeanEns). For the SDBC 

method the SuperEns outperformed the MeanEns, whereas the differences in the 

ensemble methods were very small when the downscaling method used is LWPR. This 

is because for the SDBC method the models with higher skill typically contained a 

higher number of forecast members, but for the LWPR method the models showed 

similar skill. Although the skill of the SuperEns is generally higher than most of the 
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single models, it did not outperform the best single model. This is likely due to the 

relatively poor performance of some of the NMME models. If the historical forecasts 

were long enough to provide a sufficient sample to robustly assign the truly bad forecast 

members with less weight and truly good forecast members with more weight, some 

weighted MME schemes (e.g. multiple linear regression, maximum likelihood, and 

Bayesian techniques) may be considered to further improve the forecast skill.  In 

addition, it is notable that the skill of the SDBC and LWPR methods was complementary 

in some cases. The forecasting skill can be improved using a combination of the 

forecasts downscaled by the SDBC and LWPR methods.  

Due to space limitations, this research only evaluated the probabilistic forecast 

using the BSS measuring the overall probabilistic forecast accuracy without conducting 

a complete evaluation for forecast systems' ability for discrimination, reliability, 

sharpness, etc. Such evaluation could provide useful forecast information for end-users 

and could be considered as a future work.
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Table 7-1. Basic information of the NMME hindcast archives used in this study 

Model Name Abbreviation Members Period 
Lead 
Month 

Resolution 
Missing 

Data 
Reference 

NCEP-CFSv1 CFSv1 15 1981-2009 0-8 1.0
o
×1.0

o
 No Saha et al. 2006 

NCEP-CFSv2 CFSv2 24 1982-2010 0-9 1.0
o
×1.0

o
 No Saha et al. 2012 

NCAR-CCSM3.0 CCSM3 6 1982-2010 0-11 1.0
o
×1.0

o
 No 

Kirtman and Min 
2009 

IRI-ECHAM4p5-
AnomalyCoupled 

ECHAM-
Anom 

12 1982-2010 0-7 1.0
o
×1.0

o
 No DeWitt 2005 

IRI-ECHAM4p5-
DirectCoupled 

ECHAM-Dir 12 1982-2010 0-7 1.0
o
×1.0

o
 No DeWitt 2005 

GFDL-CM2p1 GFDL 10 1982-2010 0-11 1.0
o
×1.0

o
 No 

Delworth et al. 
2006 

GFDL-CM2p1-aer04
a
 GFDL-aer04 10 1982-2010 0-11 1.0

o
×1.0

o
 Sep to Dec 

Delworth et al. 
2006 

NASA-GMAO GMAO 10 1982-2010 0-8 1.0
o
×1.0

o
 Jun and Jul 

Rienecker et al. 
2008 

NASA-GMAO-062012
a
 

GMAO-
062012 

12 1982-2010 0-8 1.0
o
×1.0

o
 Jan to May 

Rienecker et al. 
2008 

aSST data is not available 



 

199 

Table 7-2. Overall mean of precipitation forecast skill for the NMME models in lead 0. The highest skill scores are 
highlighted in bold for each model and each category. 

SS Methods 
  Models 

 
CFSv1 CFSv2 CCSM3 

ECHAM-
Anom 

ECHAM-
Dir 

GFDL 
GFDL-
aer04

a,b
 

GMAO
a
 

GMAO-
062012

a,b
 

MeanEns SuperEns 

MSESS 

SD 
 

0.110 0.164 0.003 0.020 0.018 0.051 -0.139 0.163 0.086 0.147 0.161 

SDBC 
 

0.107 0.167 -0.194 -0.069 -0.076 -0.046 -0.260 0.120 0.035 0.042 0.166 

LR 
 0.148 0.131 0.149 0.151 0.152 0.143 - - - 0.143 0.153 

LWPR 
 0.168 0.140 0.171 0.176 0.176 0.166 - - - 0.166 0.176 

              

BSS 
Below 

SD 
 

-0.049 0.021 -0.349 -0.198 -0.205 -0.148 -0.259 -0.086 -0.106 -0.293 -0.013 

SDBC 
 

-0.031 0.042 -0.243 -0.156 -0.185 -0.106 -0.263 -0.034 -0.066 -0.105 0.036 

LR 
 0.035 0.019 0.031 0.034 0.035 0.026 - - - 0.025 0.037 

LWPR 
 0.045 0.021 0.044 0.048 0.048 0.037 - - - 0.037 0.048 

              

BSS 
Above 

SD 
 

-0.011 0.027 -0.291 -0.152 -0.159 -0.132 -0.282 -0.026 -0.070 -0.168 0.025 

SDBC 
 

0.009 0.044 -0.252 -0.124 -0.138 -0.106 -0.269 -0.007 -0.041 -0.066 0.054 

LR 
 0.040 0.025 0.034 0.039 0.039 0.031 - - - 0.030 0.043 

LWPR   0.055 0.031 0.049 0.055 0.055 0.048 - - - 0.047 0.058 
a Incomplete data (see Table 7-1) 
b SST data was not available 
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Table 7-3. Overall mean of temperature forecast skill for the NMME models in lead 0. The highest skill scores are 
highlighted in bold for each model and each category. 

SS Methods 

  Models 

 
CFSv1 CFSv2 CCSM3 

ECHAM-

Anom 

ECHAM-

Dir 
GFDL 

GFDL-

aer04
a,b

 
GMAO

a
 

GMAO-

062012
a,b

 
MeanEns SuperEns 

MSESS 

SD 
 

0.143 0.367 -0.198 -0.384 -0.421 -0.663 -1.441 0.313 0.253 0.167 0.195 

SDBC 
 

0.150 0.379 -0.436 -0.133 -0.154 -0.161 -0.683 0.350 0.190 0.190 0.258 

LR 
 

0.174 0.088 0.100 0.100 0.099 0.100 - - - 0.094 0.106 

LWPR 
 

0.235 0.124 0.175 0.187 0.186 0.189 - - - 0.184 0.189 

              

BSS 

Below 

SD 
 

0.012 0.196 -0.407 -0.186 -0.187 -0.188 -0.457 0.159 0.125 -0.042 0.103 

SDBC 
 

0.043 0.216 -0.360 -0.133 -0.150 -0.158 -0.440 0.143 0.144 0.019 0.135 

LR 
 

0.010 -0.002 0.003 0.007 0.006 0.003 - - - -0.001 0.012 

LWPR 
 0.049 0.036 0.055 0.065 0.065 0.064 - - - 0.061 0.071 

              

BSS 

Above 

SD 
 

0.007 0.158 -0.285 -0.214 -0.230 -0.307 -0.485 0.164 0.083 -0.098 0.076 

SDBC 
 

0.018 0.173 -0.269 -0.216 -0.241 -0.295 -0.439 0.152 0.099 -0.033 0.096 

LR 
 

-0.002 -0.013 -0.009 -0.008 -0.008 -0.007 - - - -0.013 0.000 

LWPR   0.047 0.006 0.039 0.049 0.049 0.065 - - - 0.047 0.055 
a Incomplete data (see Table 7-1) 
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Figure 7-1. Study area and example of the NMME and NLDAS-2 grid points. 
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Figure 7-2. Bias-corrected Niño3.4 SST forecast skill of six NMME models as a function 

of season and lead time.  
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Figure 7-3. Precipitation for DJF (left panel) and JJA (right panel) forecast skill of six 

NMME models downscaled by the SDBC method at 0-month lead over the 
SEUS.  



 

204 

  
Figure 7-4. Precipitation for DJF (left panel) and JJA (right panel) forecast skill of six 

NMME models downscaled by the LWPR method at 0-month lead over the 
SEUS. 
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Figure 7-5. As in Figure 7-3, but for temperature. 
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Figure 7-6. As in Figure 7-4, but for temperature. 
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Figure 7-7. Precipitation forecast skill for six NMME models downscaled by the SDBC 

method as a function of season and lead time.  
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Figure 7-8. Precipitation forecast skill for six NMME models downscaled by the LWPR 

method as a function of season and lead time.  
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Figure 7-9. As in Figure 7-7, but for temperature.  
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Figure 7-10. As in Figure 7-8, but for temperature. 
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Figure 7-11. Mean difference between the forecast skill of the LWPR and the SDBC 

precipitation over space for each model and lead in different seasons  
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Figure 7-12. Mean difference between the forecast skill of the LWPR and the SDBC 

temperature over space for each model and lead in different seasons 
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Figure 7-13. Precipitation for DJF (left panel) and JJA (right panel) forecast skill of 

SuperEns and MeanEns downscaled by the SDBC and LWPR methods at 0-
month lead over the SEUS. 
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Figure 7-14. As in Figure 7-13, but for temperature. 
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Figure 7-15. Precipitation forecast skill for SuperEns and MeanEns downscaled by the 

SDBC and LWPR methods as a function of season and lead time.  
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Figure 7-16. As in Figure 7-15, but for temperature. 
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Figure 7-17. Mean difference between the forecast skill of the SDBC SuperEns and the 

SDBC individual model precipitation over space for each model and lead in 
different seasons  
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Figure 7-18. Mean difference between the forecast skill of the SDBC SuperEns and the 

SDBC individual model temperature over space for each model and lead in 
different seasons  
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CHAPTER 8 
CONCLUSIONS 

This dissertation was devoted to bridging the gap between the weather/climate 

forecasts and the regional water resources management.  The NWPs and GCMs were 

evaluated for improving hydroclimate forecasts at different spatial and temporal scales. 

The weather and climate forecast information were successfully incorporated into 

decision-making in water resources management in the southeast USA. Different 

hydroclimate forecasts with their applications (ETo and its relevant climate fields, P, 

T2M, irrigation scheduling, and urban water demand) in medium-range and seasonal 

time scales were produced at the regional level by downscaling NWPs or GCMs 

outputs.  

The specific objectives of this study were assessed in full details and organized 

in six sections entitled: 1) Forecasting reference evapotranspiration using retrospective 

forecast analogs in the southeastern United States; 2) Comparison of two analog-based 

downscaling methods for regional reference evapotranspiration forecasts; 3) The 

GEFS-based daily ETo forecast and its implication for water management in the 

southeastern United States; 4) Improving short-term urban water demand forecasts 

using forecast analogs of the GEFS; 5) Seasonal prediction of regional ETo based on 

CFSv2; 6) Statistical downscaling multi-model forecasts for seasonal precipitation and 

surface temperature over southeastern USA. Major conclusions of this dissertation are 

highlighted by section as follows: 

Evaluation of the GFS ETo forecasts. The ETo forecast approaches that 

combined R2 solar radiation with T, RH and Wind from GFS the reforecasts produced 

higher skill than methods that estimated parameters using GFS the reforecasts data 
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only.  The primary increase in skill was due to the use of relative humidity from the GFS 

reforecasts and long-term climatological mean values of solar radiation from the R2 

dataset, indicating its importance in forecasting ETo in the region.  While the five 

categorical forecasts were skillful, the skill of upper and lower tercile forecasts was 

greater than that of lower and upper extreme forecasts and middle tercile forecasts.  

Most of the forecasts were skillful in the first 5 lead days. 

Comparison of two analog-based methods. CA showed slightly higher skill than 

NA in terms of the metrics for deterministic forecasts, while for probabilistic forecasts 

NA showed higher skill than CA regarding the BSS in five categories (terciles, and 10th 

and 90th percentiles) and lower skill than CA regarding the LEPS skill score. Both CA 

and NA produced skillful deterministic results in the first 3 lead days, while the skill was 

higher for CA than for NA. Probabilistic NA forecasts exhibited higher resolution and 

reliability than CA, likely due to a larger ensemble size.  Forecasts by both methods 

showed the lowest skill in the Florida peninsula and in mountainous areas, likely due to 

the fact that these features were not well-resolved in the model forecast. 

GEFS-based ETo and agricultural water deficit forecasts. All forecast skill was 

generally positive up to lead-day 7 throughout the year with higher skill in cooler months 

compared to warmer months. The GEFS reforecast improved ETo forecast skill for all 

lead days over the southeast USA compared to the first-generation reforecast. The 

water deficit forecasts driven by the ETo forecasts showed higher accuracy and less 

uncertainty than the forecasts driven by climatology, indicating their usefulness for 

irrigation scheduling, hydrological forecasting, and water demand forecasting in the 

southeast USA.   
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Improving urban water demand forecasts using the GEFS. The analog approach 

generally showed high skill for forecasting WeekRain, RainDays, CosRainDays, and T 

but no skill for forecasting HotDays. The analog-driven ARIMAX water demand 

forecasts mostly showed higher skill than the original ARIMAX forecasts implemented in 

the region. These results indicated that the GEFS showed promising features for 

advancing short-term urban water demand forecasts. 

Seasonal prediction of regional ETo. The downscaled ETo from the coarse-scale 

ETo showed similar skill to those by first downscaling individual variables and then 

calculating ETo. The sensitivity coefficients showed Tmax and Rs had the greatest 

influence on ETo, followed by Tmin and Tmean, and Wind. The downscaled Tmax 

showed highest predictability, followed by Tmean, Tmin, Rs, and Wind. SDBC had 

slightly better performance than SD for both probabilistic and deterministic forecasts. 

The skill was locally and seasonally dependent. The CFSv2-based ETo forecasts 

showed higher predictability in cold seasons than in warm seasons. The CFSv2 model 

could better predict ETo in cold seasons during ENSO events only when the forecast 

initial condition was in either the El Niño or La Niña phase of ENSO. 

Statistical downscaling multi-model seasonal P and T2M forecasts. The SDBC 

and the LWPR methods showed higher skill than the SD and the LR methods. Both 

SDBC and LWPR downscaled P showed skill in winter but no skill or limited skill in 

summer at all leads for all NMME models. The SDBC downscaled T2M were skillful only 

for the CFSv2 model even at far leads, whereas the LWPR downscaled T2M showed 

skill for all NMME models. The LWPR method generally showed significantly higher skill 

than the SDBC. After bias correction, the SuperEns mostly showed higher skill than the 
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MeanEns and most of the single models, but its skill did not outperform the best single 

model. 

In summary, the NWPs and GCMs showed promising features for improving 

regional hydroclimate forecasts. While this study has showed that the NWPs and GCMs 

can provide useful information for regional water resources management, more efforts 

could be made to evaluate the benefits of the forecasts in water management, to assess 

the forecasts at other time scales (e.g. subseasonal time scale), and to develop risk 

management frameworks for incorporating climate forecast information into practical 

water management.
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APPENDIX A 
PARAMETERS’ CALCULATION FOR THE PENMAN-MONTEITH EQUATION 

The terms of the Penman-Monteith equation are calculated or estimated 

following the recommendations of Allen et al. (1998).  

 is calculated using equation (A-1): 

 
2

17.27
4098 0.6108exp

237.3

237.3
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      (A-1) 

where: 

T air temperature [oC]. 

 is calculated using equation (A-2) and (A-3): 

30.665 10 P           (A-2) 

5.26
293 0.0065

101.3
293

z
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       (A-3) 

where: 

P is atmospheric pressure [kPa]; 

z is elevation above sea level [m]. 

es is calculated using equation (A-4) : 

max min( ) ( )

2
s

e T e T
e


         (A-4) 

where: 

17.27
( ) 0.6108exp

237.3

T
e T

T

 
  

 
      (A-5) 

T air temperature (oC). 

ea can be calculated using equation (A5) with Tdew, and thus: 



 

224 

17.27
( ) 0.6108exp

237.3
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T
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where Tdew is dew point temperature (oC). 

ea can also be calculated using equation (A-6) with RHmean 

   max min

100 2

mean
a

e T e TRH
e

 
  

 
      (A-6) 

where RHmean  is the mean relative humidity. 

As the magnitude of the daily soil heat flux beneath the reference surface is relatively 

small, it may be ignored and thus: 

G0 

Rns can be calculated from equation (A-7) and (A-8): 

Rns=(1-a)Rs         (A-7) 

where a is the albedo which is 0.23 for the hypothetical grass reference crop. Rs [MJ m-

2 day-1] is incoming shortwave solar radiation, which can be derived from air 

temperature differences: 

 max mins Rs aR k T T R         (A-8) 

Where: 

Tmax maximum air temperature [oC], 

Tmin minimum air temperature [oC], 

kRs adjustment coefficient (0.175 [oC-0.5]) 

Ra is daily extraterrestrial radiation (Equation A-9). 

 
24(60)

sin( )sin( ) cos( )cos( )sin( )a sc r s sR G d w j d j d w


      (A-9) 

where: 
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Gsc solar constant = 0.0820 MJ m-2 min-1, 

dr inverse relative distance Earth-Sun      (A-10) 

ws sunset hour angle [rad]        (A-11), 

j latitude [rad], 

d solar decimation [rad]        (A-12) 

[ ]
180

Radians



 

2
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365
dr J

 
   

 
       (A-13) 

arccos[ tan( ) tan( )]sw j d         (A-14) 

2
0.409sin 1.39

365
d J

 
  

 
       (A-15) 

J is Julian date 

Rnl can be calculated from equation      (A-16) 

 max min 0.34 0.14 1.35 0.35
2

k k s
nl a

so

T T R
R s e

R

  
    

   
    (A-17) 

where: 

s Stefan-Boltzmann constant [4.903x10-9 M J K-4m-2day-1], 

Tmax,k maximum absolute temperature during the 24-hour period [K=oC+273.16], 

Tmin,k minimum absolute temperature during the 24-hour period [K=oC+273.16], 

ea actual vapor pressure [kPa], 

Rso calculated clear-sky radiation [MJm-2day-1] (A18). 

Rs solar radiation see (A8) 

5(0.75 2 10 )so aR z R           (A-18) 
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where: 

z station elevation above sea level [m]. 

Ra see (A-9). 

Rn can be calculated from equation (A-19): 

n ns nlR R R            (A-19) 

u2 can be calculated from equation (A-20): 

2

4.87

ln(67.8 5.42)
zu u

z



        (A-20) 

where: 

z height of measurement above ground surface [m]. 

When z=10m, u2=0.75uz 



 

227 

APPENDIX B 
DERIVATION OF THE FAO PENMAN-MONTEITH EQUATION FOR THE 

HYPOTHETICAL GRASS REFERENCE CROP 

For the original PM equation, the aerodynamic resistance is estimated 

using Equation B-1: 

       (B-1) 

where: 

ra is aerodynamic resistance [s m-1], 

zm is height of wind measurements [m], 

zh is height of humidity measurements [m], 

d is zero plane displacement height [m], 

zom is roughness length governing momentum transfer [m], 

zoh is roughness length governing transfer of heat and vapor [m], 

k is von Karman’s constant, 0.41 [-], 

uz is wind speed at height z [m s-1]. 

For a wide range of crops the zero plane displacement height, d [m], and the 

roughness length governing momentum transfer, zom [m], can be estimated from 

the crop height h [m] by the following equations: 

   

   

The roughness length governing transfer of heat and vapor, zoh [m], can be 

approximated by: 

   

2
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Assuming a grass reference crop surface with constant crop height of 0.12 m and 

standardized height for wind speed, temperature and humidity measurements at 

2 m (zm =zh=2 m), Equation A1 becomes: 

   (B-2) 

For the original PM equation, the surface resistance is estimated using Equation 

A3: 

         (B-3) 

where: 

rs is surface resistance [s m-1], 

r1 is bulk stomatal resistance of the well-illuminated leaf [s m-1], 

LAIactive is active (sunlit) leaf area index [m2 (leaf area) m-2 (soil surface)] 

Assuming the same grass reference crop surface, a general equation for LAIactive 

is: 

 

which takes into consideration the fact that generally only the upper half of dense 

clipped grass is actively contributing the surface heat and vapor transfer. A 

general equation for LAI is: 

 

where h is the crop height [m]. 

The stomatal resistance, n, of a single leaf has a value of about 100 s m-1 under 

well-watered conditions. Thus, Equation B-3 becomes: 

2

2 2
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  [s m
-1

]      (B-4) 

Then, Equation B-5 is derived based on Equations B-2 and B-4: 

       (B-5) 

In Equation B-2, Rn and G is energy available per unit area and expressed in MJ 

m-2 day-1. The conversion from energy values to equivalent depths of water or 

vice versa is given by: 

Radiation [mm day-1] = 0.408 Radiation [MJ m-2 day-1]   (B-6) 

The specific heat at constant pressure is given by: 

 

And considering the ideal gas law for a: 

 

where Tkv, the virtual temperature, can be substituted by 

 

Results in: 
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where: 

cp is specific heat at constant pressure [MJ kg-1 oC-1], 

a is mean air density at constant pressure [kg m-3], 

ra is aerodynamic resistance [s m-1], 

 is psychrometric constant [kPa oC-1], 

100
70

0.5(24)(0.12)
sr  

 21 1 0.34s

a

r
u

r

 
   

 

p

r
c

P




a

Kv

P

T R
 

1.01( 273)kvT T 

2
1.01( 273) (208)

p a

a

c
u

r T R

 






 

230 

 is ratio molecular weight of water vapor/dry air = 0.622, 

is latent heat of vaporization [MJ kg-1], 

R is specific gas constant = 0.287 kJ kg-1 K-1, 

T is air temperature [oC], 

P is atmospheric pressure [kPa], 

 [MJ m
-2

 
o
C

-1
 day

-1
]  (B-7) 

when divided by  (=2.45), Equation A7 becomes: 

  [mm oC-1 day-1]    (B-8) 

The FAO PM equation (Equation B-3) is then derived by plugging Equations B-5, 

B-6, and B-8 into Equation B-2.  
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