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Abstract 

 

Evapotranspiration is the second most dominant component of the global water cycle behind 

precipitation, yet it remains one of the most difficult to measure and model. The numerous methods 

that have been developed for estimating evapotranspiration (ET) rates using climatological data 

vary in both complexity and spatiotemporal robustness. While the Penman-Monteith method has 

continually been shown to compare better with observed ET rates across more geographies and 

timescales than any other method, its high data requirements remain a barrier to use in many areas, 

and it is often desirable or necessary to make use of an alternative method. Daily reference ET 

estimates from the Penman-Monteith method were compared to ET estimates from seven 

alternative methods, which were generated using 14 years of observed weather records at five 

locations across the Midwestern United States. Then, a one-dimensional water balance model, 

DRAINMOD, was run at 362 locations across the Midwest using 50 years of synthetic climate data 

and three distinct sets ET inputs: 1) reference ET from the Penman-Monteith method, 2) potential 

ET generated from the Penman-Monteith reference ET and location-specific crop coefficient 

curves, and 3) potential ET from the Thornthwaite method. Results suggest that the best alternative 

method to Penman-Monteith varies by location, application, and timescale of interest, and that the 

misapplication of ET estimates for water balance model parameterization could have a dramatic 

impact on the accuracy of model predictions. 
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Chapter 1 Estimation of Potential Evapotranspiration 

1.1 Introduction 

The processes of evaporation and transpiration have been studied by scientists for hundreds of 

years, but may have been intuitively understood since at least the time of the ancient Greeks 

(Brutsaert 1982). Taken together evaporation and transpiration represent nearly all of the 

consumptive water use in the agricultural landscape – the only remaining component of 

consumptive use being the water retained in plant tissue, which is relatively minor by comparison 

(Jensen et al. 1990). Although distinctly defined, evaporation and transpiration are often lumped as 

evapotranspiration or ET (or alternatively, Et) due either to the difficulty of parsing out their 

relative contributions to ET, or simply out of convenience where the distinction is not important. 

Evaporation is the physical component of ET, whereby solid or liquid water is transferred from the 

soil and vegetative surfaces directly to the atmosphere; transpiration is the biological component 

of ET, whereby soil water is extracted through the roots of plants and transported through the plant 

to be ultimately diffused into the atmosphere through the leaf stomata (Chow et al. 1988). 

Evapotranspiration represents a significant component of the water balance: on a global scale ET 

represents over 60% of annual precipitation (Vörösmarty et al. 1998) and in Minnesota ET can 

represent anywhere from 40% of annual precipitation in the humid east to 90% of annual 

precipitation in the arid west (Baker 1979).  

1.1.1 Importance of ET in Hydrologic Modeling 

Models are being used to help provide insights into how emerging agricultural practices (e.g., 

controlled drainage, conservation tillage, nutrient management) might help to mitigate the 

downstream impacts from agricultural systems (Kalita and Kanwar 1993; Munster et al. 1996; Luo 

et al. 2010; Satchithanantham et al. 2014). As a major component of the water balance, ET is a 

necessary input variable within these models (Oudin et al. 2005) and is of particular importance in 

areas where water balance components such as surface runoff and seepage losses are small or 

insignificant – as is the case in the drained agricultural landscapes present in parts of the 

Midwestern United States (Lu et al. 2005; Luo et al. 2009). However, because it is affected by a 

variety of environmental factors (including solar radiation, air temperature, wind speed, and 

humidity) ET is difficult to measure (Drexler et al. 2004) and uncertainty in estimation tends to be 

high (Yu et al. 2016). Despite this degree of uncertainty, ET inputs are often glossed over in the 

parameterization and calibration processes alike and are often either calibrated on a monthly or 

annual time scale or are left alone in favor of adjusting parameters that are not as temporally-
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variant. For the purposes of water quantity modeling these water balance inaccuracies may not be 

all that important since the errors can be shifted between loss components, and other model factors 

(e.g., flood routing, surface runoff) may outweigh the impacts of ET in the context of a model 

application (Yen et al. 2015); however, for water quality modeling they have serious implications 

since evapotranspiration does not in itself transport contaminants from the environment (Grifoll 

and Cohen 1996) – in contrast to other loss components of the water balance such as deep seepage, 

which has caused public health concerns by transporting contaminants to regional aquifers (Nolan 

et al. 2002).   

1.1.2 Types of ET Estimates 

The calculation of evapotranspiration within a model is dependent on a variety of model-specific 

parameters that vary depending on the water balance algorithm employed. The concept of potential 

evapotranspiration (ETp) is useful in hydrologic modeling, since it is a function of specific 

meteorological and vegetative conditions given an unlimited water supply and therefore implicitly 

ignores soil-water limitations that render the calculation of actual evapotranspiration (ETa) more 

challenging. Estimating ETa is difficult because doing so requires incorporating plant- and soil-

related variables that influence the capacities of various model storage components and the rate of 

water redistribution between them (Jensen et al. 1990; Weiß and Menzel 2008; Douglas et al. 2009). 

For this reason, water balance models often use ETp as an input that imposes an upper limit on ETa. 

Models designed for a variety of purposes including urban stormwater models such as EPA-

SWMM (James et al. 2010) and agricultural drainage models such as DRAINMOD (Skaggs 1978) 

allow the user to provide daily estimates of ETp or, alternatively, to use a built-in ETp model that is 

often chosen so as to allow the model to function with limited input data (e.g., daily minimum and 

maximum temperature). Other models – e.g., the rural watershed model SWAT (Arnold et al. 1998) 

and the agricultural water quality model RZWQM (Alves and Cameira 2002) – offer more 

sophisticated internal ETp calculations based on complex mass and energy balance equations that 

require more detailed meteorological inputs, and (as in the case with SWAT) may contain several 

options for the ETp calculation method.  

In addition to the dependence on local weather conditions, potential evapotranspiration estimates 

are specific to the aerodynamics and resistances to heat and mass transfer inherent to the 

evaporating/transpiring surface (Allen 1986) – whether that surface is an open water body, a corn 

field, or a forested watershed. For the original Penman formula to be adapted to a vegetated surface, 

the development of parameters related to the roughness of the vegetated surface was required. Due 

in part to the difficulty in developing these parameters, which vary not only between crops and 
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climates but also seasonally with crop height, the concept of using a “reference crop” was 

introduced. While the use of a reference crop simplified application of the equation itself, the 

methodology still necessitates the development of crop-specific modifiers to convert reference crop 

evapotranspiration or simply reference evapotranspiration (ETr) – i.e. ETp for a reference crop – 

to ETp for a crop of interest, such as maize. These so-called “crop coefficients” are generally 

expressed as annual time series (a “crop-coefficient curve”) and are further discussed in Chapter 2. 

However, it is worth noting here that using uncorrected ETr directly as ETp inputs in a hydrologic 

model is almost always problematic, for two reasons: (a) the overall magnitude of calculated ETr 

values will almost certainly be incorrect unless the reference crop happens to be representative of 

the vegetation in the study area, and (b) ETr has important seasonally-varying attributes such as 

leaf area, canopy height, and rooting depth (Irmak et al. 2008). Yet, using ETr in this way appears 

to be a common practice, likely either out of convenience or stemming from misunderstanding the 

admittedly muddled and inconsistent terminology presented in the ET literature. 

1.1.2.1 A Note on Reference Crops 

Penman (1948) originally developed his combination energy balance and aerodynamics equation 

to provide a theoretical basis for evapotranspiration estimates using available meteorological data 

(Allen 1986). However, in order to use the equation, the significant hurdle of needing to develop 

time-dependent, crop-specific coefficients for the aerodynamic portion of the equation persisted for 

many years. In an attempt to simplify Penman’s equation, subsequent researchers developed 

parameters for the Penman equation and its derivatives, but two landmark studies should be noted: 

(1) Penman (1963) developed reference crop parameters for a well-watered turf grass; and (2) 

Wright and Jensen (1972) developed reference crop parameters for a well-watered alfalfa field. 

These two crops became conventions for ETr and have been persistent to the point that in the 

contemporary lexicon, any mention of a “short” reference crop generally refers to a grass, and, 

likewise, any mention of a “tall” reference crop generally refers to alfalfa. These terms, 

respectively, are used interchangeably hereafter. 

1.1.3 ET Estimation 

There are two primary reasons one might be required to estimate evapotranspiration: first, as 

discussed above, ET is a necessary input in hydrologic models, and in this context its estimation 

requires historical weather and cropping information to estimate accurately; second, it may be 

desirable to estimate future ET demand for irrigation scheduling. In either case, the accuracy of ET 

estimates depends on how well the method used can represent the topographic, geographic, and 

climatic conditions influencing ET in the area of interest (Jensen et al. 1990). 



11 

 

1.1.3.1 Categories of ET Estimation Methodologies 

Myriad methods have been developed in attempt to estimate ET due to its significance and 

considerable variation across climates – both in magnitude and as a percentage of annual 

precipitation. Jensen et al. (1990) lumped the methods they reviewed into a number of categories 

that for simplicity can be further grouped into four categories: (1) combination methods, which take 

into account the energy balance along with heat and mass transfer, (2) radiation methods, which 

take into account the energy balance alone, (3) temperature methods, which are largely empirically-

based methods relating ET to air temperature, and (4) evaporation methods, which attempt to 

estimate ET as a proportion of measured pan evaporation rates. Several commonly used methods 

are discussed later in this chapter.  

1.1.3.1.1 Combination Methods 

The so-called combination equations all derive from the theory originally put forth by Penman 

(1948) in which he introduced an equation that combined an energy balance and an aerodynamic 

formula to approximate the energy flux between the atmosphere and a free water surface averaged 

over 24 hours (Jensen et al. 1990; Zotarelli et al. 2010). Following the introduction of the Penman 

equation, multiple studies evidenced that the equation tended to overestimate evapotranspirative 

demand (Jensen et al. 1990). Since then a number of derivative combination equations have been 

developed – only a subset of which are discussed here. Because the combination methods account 

for aerodynamics, these methods are generally more appropriately applied at the field scale where 

these characteristics can be considered constant across a study area since variation in topography 

and vegetative cover may invalidate some of the necessary assumptions. Additionally, the 

combination methods may be more appropriate for use over very short time steps (e.g., sub-daily, 

sub-hourly) than those discussed below because they are physically based and can therefore take 

into account minute changes in climatic conditions that are typically washed out with simpler 

methods. Webb (1984) provided a review of the various combination methods that have been 

developed. 

1.1.3.1.2 Radiation Methods 

Several empirical methods have been developed for estimating ET using solar radiation. These 

methods are commonly used since they require significantly less data than the combination 

equations. However, since they are empirical, care needs to be taken to ensure that the equations 

are not applied in areas where climatic conditions differ greatly from those in which they were 

developed. The amount of solar radiation is a significant factor when estimating ET over smaller 
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timesteps (e.g., daily, sub-daily), so these methods may perform better than temperature methods 

if the accuracy of ET estimates over shorter periods is more important than those on a longer time 

scale.  

1.1.3.1.3 Temperature Methods 

Most of the methods developed for estimating ET based on air temperature are empirical and have 

the same pros and cons as the radiation methods in that they require minimal data inputs. While 

care should be taken not to apply them in areas where the climate is vastly different from that in 

which they were developed, it is often not clear what level of difference is vast enough to cause 

significant errors. These methods may not be as accurate over shorter time steps (e.g., daily, sub-

daily) since they typically do not account for influential climatic variables over those periods, such 

as wind and radiation. Additionally, the temperature methods may be more accurate for large study 

areas (e.g., a watershed) than small ones (e.g., a field), since the empirical parameters developed 

for temperature methods were often developed at a larger scale.  

1.1.3.2 Discussion Regarding Nomenclature 

The nomenclature used for variables and parameters in the following equations varies considerably 

in the literature and the representations herein are the adaptations of this author and may have been 

changed from the original source to foster consistency between the various approaches discussed. 

Additionally, while the term model is often used in reference to a given set of equations involved 

in evapotranspiration estimation, to avoid confusion the term will be reserved herein to reference 

hydrologic models, and the term method will be used instead when discussing evapotranspiration 

estimation. Finally, evapotranspiration is often expressed either as ET, which has units 

corresponding to depth of water (e.g., mm ∙ d-1) or as λET, which has units corresponding to energy 

flux (e.g., MJ ∙ m-2 ∙ d-1); the two are equivalent and differ only by a constant factor of ρw ∙ λ (the 

density of water, ρw , times the latent heat of vaporization, λ) so they will be used interchangeably 

here to avoid significant alteration of the source equations.1 This discrepancy notwithstanding, all 

calculated values in later sections will correspond to the former representation, namely ET in units 

of mm ∙ d-1.  

 

1 For example, ET (in mm ∙ d-1) is equivalent to λET (in MJ ∙ m-2 ∙ d-1) divided by ρw λ, and multiplied by 

1000 to convert m to mm; ρw λ is approximated as unity if expressed in units of MJ ∙ m-3 and is therefore 

omitted for convenience. 
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1.1.4 Criteria for Choosing an ET Method 

It is important to first note that choosing the best ET estimation method for a particular application 

is governed by a number of selection criteria, including the availability of input data, the spatial 

scale and location of the study area for which the ET data are required, as well as the temporal scale 

of interest.  

1.1.4.1 Data Availability 

The first and perhaps most important criterion for choosing an ET method is data availability. The 

most robust ET methods require a suite of climatological inputs including temperature, wind speed, 

radiation, and humidity data. Of these, temperature data are the most ubiquitous, while radiation – 

whether in the form of solar radiation or net radiation – is generally much less commonly measured. 

Additionally, issues with quality control and equipment malfunction can limit the usefulness of a 

dataset even when a particular weather station is set up to collect all of the necessary data for robust 

ET estimation. The importance of quality control increases with use of smaller computational time 

steps, especially as that time step approaches the data collection interval. While Allen (1998) 

recommends attempting to estimate missing weather data in order to use a robust ET estimation 

method, many methods have been developed with the expressed purpose of facilitating ET 

estimation with limited weather data – a few of which will be evaluated in detail here. In situations 

where data availability is not an issue, use of a Penman-Monteith method variant (e.g., FAO or 

ASCE) is typically the only recommended approach to ET estimation (Allen 1998; Sentelhas et al. 

2010). 

Sentelhas et al. (2010) evaluated the relative performances of the FAO Penman-Monteith equation 

and three alternative methods (Priestly-Taylor, Hargreaves, and Thorthwaite) in Southern Ontario, 

Canada in situations where data are limited. They found that the FAO Penman-Monteith method – 

which had the greatest data requirements – and the Priestly-Taylor method performed better when 

only relative humidity and windspeed data were unavailable, while both Hargreaves and 

Thornthwaite performed better when solar radiation data were unavailable.  

1.1.4.2 Spatial Scale 

The scale of the hydrologic model of interest can be another important factor in determining not 

only which ET method will perform best in a given application, but also whether ET inputs are 

even among the most sensitive parameters. For example, Weiß and Menzel (2008) compared four 

commonly-used ET methods and found that while the Priestly-Taylor method worked best on a 

global scale, the parameters related to the conversion of ETp to ETa were more influential on the 
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accuracy of stream flow predictions than the choice of the ET method itself. On a similar scale, 

Vörösmarty et al. (1998) found that the Thornthwaite and Penman methods – two of the most 

commonly-used ET methods – performed poorest out of the 11 methods tested across 679 gauged 

watersheds throughout the contiguous United States. Oudin et al. (2005) compared the performance 

23 ET methods across 308 watersheds throughout Australia, France, and the United States and 

found that, not only were the model results insensitive to the level of detail of the ET inputs, but 

the simpler temperature-based ET methods outperformed the more robust combination methods. 

Yet et al. (2015) evaluated the Penman-Monteith, Priestly-Taylor, and Hargreaves ET methods in 

SWAT and found that the choice of ET method  had little bearing on model performance and that 

the choice of streamflow routing method was far more influential. At the field scale, by contrast, a 

comprehensive review by Jensen et al. (1990) at 11 locations around the world – each having for 

comparison lysimeter-derived measured ETa data in fields with vegetation approximating a 

reference crop – found considerable differences in the magnitudes of ET method predictions and 

concluded that the combination methods – Penman-Monteith in particular – performed most 

accurately at all locations out of the 19 methods evaluated on a monthly basis, as well as out of the 

13 methods evaluated on a daily basis.  

1.1.4.3 Location 

The geographic location and corresponding climatic conditions of a study area may also influence 

the best choice of ET method. Jensen et al. (1990) found that while combination methods performed 

best overall and in arid locations, several radiation methods – namely the Priestly-Taylor and Turc 

methods – also performed quite well in the humid locations evaluated. Additionally, some of these 

ET methods were developed with partially or wholly empirical approaches and were found to 

behave very differently at locations with distinctly different topography and climatic conditions 

from the locations in which they were developed. In fact, they defined the “robustness” of a model 

by its ability to accurately predict ET across varying elevation, latitude, and humidity.  

1.1.4.4 Temporal Scale 

Different ET estimation methods were developed to perform predictions on different time steps, 

and so the temporal scale of interest should also be a criterion for selecting the best ET method for 

a modeling application. For example, because they are physically-based, the combination methods 

can be used on a daily, hourly, or even smaller time step; by contrast, the Thornthwaite method was 

originally developed for use on a monthly time step and, while it was later modified by Pereira and 

Pruitt (2004) to operate on a daily time step, its empirical nature limits its reliability over shorter 

intervals. It is also important to note that because the time step influences the dimensions of the 
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outputs, the units of inputs, constants, and derived variables should be carefully examined where 

guidance is not explicitly provided.  

1.1.5 Statistical Analysis in Hydrologic Modeling 

Due to the large number of factors that may influence modeling results, no standard statistical 

methods exist for evaluating model performance (Coffey et al. 2004). Therefore, a model user must 

select appropriate statistical methods for model evaluation and, in doing so, should consider factors 

that may be unique to the data being evaluated. This is particularly important in hydrologic 

modeling where data – whether simulated or observed – often exhibit characteristics such as data 

point interdependence and non-normality due to factors such as persistence and seasonality (Haan 

1977).  

Quantitative measures for evaluating hydrologic model performance can be lumped into three main 

categories: comparisons of summary statistics, hypothesis tests, and residual error analyses 

(Zacharias et al. 1996). Comparisons of summary statistics involve the use of basic statistical 

measures such as the mean and standard deviation and are therefore simple to perform. By contrast, 

hypothesis tests are less subjective and are therefore considered more rigorous measures of model 

performance (Haefner 1996; Zacharias et al. 1996), since they provide a measure that can be 

interpreted as a binary outcome (i.e. the null hypothesis is either rejected or not). Residual error 

analyses generally fall somewhere in between in terms of subjectivity but are convenient in model 

comparisons as many provide a measure of goodness-of-fit that can be viewed relative to a perfect 

fit – which often corresponds to a coefficient equal to zero or one.  

Residual error analyses include many objective functions intended to measure model goodness-of-

fit, which for the purposes of this chapter can be differentiated between those that evaluate residuals 

relative to the mean of the data and those that evaluate residuals relative to the median. This 

distinction is important because many statistical tests developed to compare observed and simulated 

results assume that both datasets are independent, have constant variance, and are normally 

distributed, so normality testing is a necessary precursor to selecting an appropriate statistical 

measure (Coffey et al. 2004). It follows, therefore, that while mean-based measures can be applied 

where these criteria are met, median-based measures should be applied where the mean is not the 

best estimator of the central tendency of the data (Zacharias et al. 1996).  

Autocorrelation (also known as serial correlation and persistence) can be a significant and 

confounding factor in the statistical analysis of time-series data, since a serial sample in which data 

points are dependent on preceding data points in the series actually contains less information than 
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a random sample of the same size because each observation contains a portion of the information 

contained in the adjacent observations (Haan 1977). Autocorrelation introduces several issues in 

statistics analysis, including reducing the effective sample size and complicating the identification 

of significance when evaluating covariance and correlation between distinct time series (Quimpo 

1969; Yue and Wang 2004). Consideration of autocorrelation is especially important when 

performing trend analysis, as some statistical tests for trend analysis yield larger than appropriate 

rejection rates when applied to autocorrelated data that has not been “prewhitened”, i.e. corrected 

for autocorrelation (Bayazit and Önöz 2007). Cross correlation is similar to autocorrelation, but 

instead of comparing a time series with itself, the analysis of cross correlation involves the 

comparison of two separate time series (e.g., observed and simulated datasets).  

Coffey et al. (2004) evaluated the applicability of a number of qualitative and quantitative statistical 

measures for use in measuring model performance for both daily and monthly mean streamflow 

predictions from a 2-year SWAT simulation. To test data for normality, Kurtosis, skewness, and 

the Shapiro-Wilk W-test were used; of the three, the W-test provides the most objective (i.e. non-

qualitative) indication of normality. For datasets exhibiting interdependence and/or non-normality 

(e.g., daily mean streamflow), they recommended using median-based objective functions, sign 

test, autocorrelation, and cross-correlation statistics for model evaluation; for datasets that met the 

required statistical assumptions of independence and normality (e.g., monthly mean streamflow), 

they recommended using mean objective functions and t-test statistics.   

While ET data have the potential to be less persistent than streamflow data, they nonetheless exhibit 

many similar characteristics, including both interdependence (due to the inherent persistence of 

weather patterns) and seasonality (due to the inherent seasonality of some of its most influential 

variables, most notably air temperature and solar radiation). There is also some precedent for using 

statistics developed for streamflow analysis for the purposes of ET method performance evaluation. 

For example, Peng et al. (2017) used the Nash-Sutcliffe Efficiency as a performance metric in the 

comparison of 10 alternative ET estimation methods to estimates from the FAO Penman-Monteith 

method and found that the recalibrated version of the Hargreaves equation developed by Berti et 

al. (2014) for a region in northern Italy also performed well in mainland China.  

1.1.6 Evaluation of ET Methods 

There are several ways that the accuracy of ET estimates can be evaluated. If measured ET data are 

available – typically from either a lysimeter or an eddy-covariance tower – ET estimates can be 

compared with these data directly, as was done by Jensen et al. (1990). Alternatively, the 

performance of an ET estimation method can be evaluated indirectly using a water balance model 
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and other measured data such as gaged streamflow, as was done by Weiß and Menzel (2008), 

Vörösmarty et al. (1998), and Oudin et al. (2005). In the absence of observed water balance data, a 

third approach is to draw from the work of Jensen et al. (1990) the conclusion that the Penman-

Monteith method appears robust enough at the field-scale to be used as a control against which the 

other models can be compared, as was done by Peng et al. (2017) in their spatiotemporal 

comparison of 10 ET estimation methods against estimates from the FAO Penman-Monteith 

method in mainland China. This option allows a comparison to be made using observed weather 

data alone, which facilitates a model comparison with relative ease over longer time periods, shorter 

time steps, and at multiple locations. For these reasons, this approach is taken herein.  

A comprehensive literature review of the multitude of ET evaluation studies that have been 

performed is beyond the scope of this work. However, several key studies were used to inform the 

methodologies and selection of methods evaluated here. The most comprehensive of these was the 

study by Jensen et al. (1990), which evaluated 19 methods on a monthly basis using lysimeter data 

from 11 locations around the world, including five of the eight methods used here: Penman-

Monteith, Jensen-Haise, Hargreaves, Priestly-Taylor, and Thornthwaite. For monthly estimates in 

all locations they ranked (from best to worst) 1st, 10th, 11th, 19th, and 20th out of 202, respectively. 

The study also evaluated 13 methods on a daily basis at three locations, including four of the eight 

methods used here: Penman-Monteith, Jensen-Haise, Hargreaves, and Priestly-Taylor. For daily 

estimates in all locations they ranked (from best to worst) 1st, 10th, 11th, and 13th out of 13, 

respectively.  

Ventura et al. (1999) evaluated the FAO Penman-Monteith and Doorenbos-Pruitt methods using 

lysimeter data from five locations in Italy and five locations in California and found that both 

equations performed acceptably, although the Doorenbos-Pruitt equation tended to overestimate 

ET under cold air convection conditions in the summer.  

Peng et al. (2017) evaluated 10 alternatives to the FAO Penman-Monteith (“FAO56”) method 

across mainland China and found that the best method varied by region and climate. While the 

Hargreaves-Samani method performed well in arid areas, it performed relatively poorly overall. 

The Doorenbos-Pruitt (“FAO24”) method was found to be the best alternative method overall and 

was the only method that performed acceptably in all months according to the NSE. 

 

2 Two formulations of the 1963 Penman method were evaluated, so the rankings were based on 20 sets of ET 

estimates rather than 19. 
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Hargreaves and Allen (2003) evaluated the Hargreaves-Samani method and found that long-term 

aggregated predictions closely matched lysimeter measurements in Kimberly, Idaho and in the 

Imperial Valley of California, and closely matched CIMIS Penman method predictions in Davis, 

California – where it was originally developed. Other researchers, however, have shown mixed 

results applying the Hargreaves-Samani method over shorter time steps and in locations other than 

the Western U.S. For example, Ravazzani et al. (2012) found significant errors in predictions of 

daily ET in alpine river basins in Italy and Switzerland, while Sepaskhah and Razzaghi (2009) 

found the Hargreaves-Samani to outperform the Thornthwaite method in predicting daily ET in 

Iran – but only after modifying its coefficient. 

1.1.7 Objectives 

The work presented in this chapter aims to build on – rather than validate – the comprehensive 

review by Jensen et al. (1990), which found the Penman-Monteith method to be the most robust 

ET prediction method at the field scale. While comparing model results to observed values is crucial 

to adequately evaluate the performance of a given model (Coffey et al. 2004), the assumption 

inherent in this chapter is that the robustness of the Penman-Monteith method for ET prediction 

has been thoroughly vetted in the literature. As such, there remains value in comparing the relative 

magnitude of predictions from different ET methods across time and space and, to provide a 

reference point, in using Penman-Monteith predictions as a proxy for observed data. As in Jensen 

et al., the robustness of an ET method will here be defined as its ability to accurately predict ET 

given spatial and temporal variation across multiple input datasets. To that end, the objectives of 

this chapter are to evaluate the robustness of seven alternative ET estimation methods by comparing 

ET predictions from each with those obtained from the Penman-Monteith method over a daily time 

step and at five locations across the Midwestern United States in an effort to determine (a) how the 

magnitude of ET estimates varies for a particular location and (b) how location influences the 

performance of individual ET methods.  
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1.2 Methodology 

A detailed temporal comparison of seven alternative ET methods was performed by comparing ET 

predictions from each method with predictions from the Penman-Monteith method using weather 

data obtained at Waseca, MN. This location was chosen because of previous research that was 

performed there by Luo et al. (2010), which is discussed in greater detail in the next chapter. To 

measure how well each method conforms with the Penman-Monteith method, regression statistics 

were computed and evaluated on a daily time step by developing a linear model for each method 

comparison. Annual potential ET depths were also compared to validate findings and to provide 

perspective on the significance of individual method bias.  

Following the temporal comparison, a spatial comparison of the methods was performed by 

evaluating regression statistics at each of five locations that span the types of climatic conditions 

found in the corn-belt of the Midwestern United States, namely, (1) Wahpeton, ND, (2) Waseca, 

MN, (3) Cedar Rapids, IA, (4) Champaign, IL, and (5) Brunswick, NE. Daily and annual 

comparisons were performed at each location on a subset of method comparisons, with the goal of 

identifying the method(s) that perform best at each location when compared to estimates derived 

from the Penman-Monteith method. Differences or similarities in this finding across locations given 

average climatic conditions and differences between the input data sources are presented and 

discussed.  

Weather data for five locations were acquired, visually checked for quality, and processed for input. 

A few other inputs are also required, including the latitude and longitude of the weather station in 

degrees, the elevation of the weather station in feet above mean sea level, mean maximum and 

minimum temperature for the warmest month of the year3 in °F, and the mean temperature for each 

month of the year4 in °F. These input data were then converted to the International System of Units 

(SI units), at which point all other necessary variables were derived as described in the next section. 

A spreadsheet tool was developed in a Microsoft Excel (Excel) workbook using Visual Basic for 

Applications for Microsoft Excel (Excel VBA) as the computing engine. Sheets within the 

workbook operate as the input/output (I/O) interface; the input sheet accepts daily weather inputs 

in United States customary (U.S.) units including daily maximum and minimum temperature in °F, 

 

3 These values are only used for the Jensen-Haise equations.  

4 These values are only used for the Thornthwaite equations.  
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wind speed in miles per day, radiation5 in Langleys per day, dew point in °F, and daily maximum 

and minimum relative humidity in %.  

Subroutines were developed to process input weather data that met the minimum requirements for 

the Penman-Monteith ET calculation method. These requirements included daily maximum and 

minimum air temperature, average wind speed, total (or net) solar radiation, and dew point (or 

relative humidity). Processing these data required multiple steps including unit conversion and 

calculation of derived weather variables. A separate subroutine was then written using Visual Basic 

for Applications for Microsoft Excel (Excel VBA) to compute ET for of each of the eight ET 

methods. Finally, outputs from Excel were processed using scripts written in R (R Core Team 

2017), and statistical analysis was performed to compare the results from the Penman-Monteith 

method (i.e. the control) to those of the alternative methods.  

1.2.1 Calculation of ET 

1.2.1.1 Selection of ET Methods and Locations 

Data requirements for the eight ET estimation methods that will be compared in this chapter are 

shown in Table 1-1. They include two combination methods (Penman-Monteith and Priestly-

Taylor), three radiation methods (Jensen-Haise, Hargreaves, and Doorenbos-Pruitt), and three 

temperature methods (Thornthwaite, Thornthwaite-Pereira, and Hargreaves-Samani). This subset 

of the dozens of methods that have been developed was chosen because: (a) these methods are 

among the most commonly used, and (b) they represent a cross section of the types of methods that 

exist with the exception of a pan evaporation method.  

Five specific locations were chosen based on: (a) the availability of overlapping sub-daily weather 

data that meets the minimum requirements of computing Penman-Monteith evapotranspiration 

estimates over a period of at least 10 years, and (b) the predominance of row-cropped agricultural 

land in the immediate vicinity. Evapotranspiration estimates from each method was computed on 

a daily time step and, likewise, the comparisons were evaluated statistically on a daily basis.  

1.2.1.2 Acquisition of Weather Data 

Weather data were acquired for each of five locations shown in Figure 1-1 – namely Wahpeton, 

ND, Waseca, MN, Cedar Rapids, IA, Champaign, IL, and Brunswick, NE. Data were acquired from 

various sources, as summarized in Table 1-2. Data for Wahpeton, ND were acquired through the 

North Dakota Agricultural Weather Network (North Dakota Agricultural Weather Network 2016). 

 

5 Radiation data can be provided as either solar radiation or net radiation as specified by the user.  
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Primary data for Waseca, MN were acquired through personal communication with researchers at 

the University of Minnesota Southern Research and Outreach Center (Vetsch 2016); missing data 

points were filled6 with data from the Automated Surface Observation System (ASOS), which were 

acquired from the Iowa Environmental Mesonet (Iowa State University 2016), and with data from 

the Weather Bureau Army Navy (WBAN) network, which were acquired from cli-MATE 

(Midwestern Regional Climate Center 2016). Data for Cedar Rapids, IA were acquired from the 

Iowa Environmental Mesonet (Iowa State University 2016). Data for Champaign, IL were acquired 

from the Illinois Climate Network (Illinois Climate Network 2016). Lastly, data for Brunswick, NE 

were acquired from the High Plains Regional Climate Center (High Plains Regional Climate Center 

2016). 

Table 1-1: Input data requirements for eight selected evapotranspiration estimation methods.  

 

  

 

6 Notably, relative humidity data were missing for the majority of the dataset, and the remaining values 

largely appeared invalid; values from the ASOS network were used instead for the entire simulation period.  

T u Rs Rn Tdew RH z φ

PM Penman-Monteith Combination X X X X X

JH Jensen-Haise Radiation X X X

DP Doorenbos-Pruitt Radiation X X X X X

HG Hargreaves Radiation X X

HS Hargreaves Samani Temperature X X X

PT Priestly-Taylor Combination X X X

TW Thornthwaite Temperature X X

TP Thornthwaite-Pereira Temperature X X

T, temperature

u, wind speed

Rs, solar radiation

Rn, net radiation

Tdew, dew point temperature

RH, relative humidity

z, elevation

φ, latitude 

Code Method
Required Data for Method

Type
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Table 1-2: Summary of weather data sources and data availability.  

 

 

Figure 1-1: Weather station locations and 30-year mean annual rainfall from PRISM (Oregon State University 2017)  

Interval Period P T u Rs Tdew* RH

Wahpeton, ND NDAWN Hourly 2002-2015 X X X X X X 2,575            

SROC Daily 2001-2015 X X X X P

ASOS Subhourly 2002-2015 P X X X X

WBAN Hourly 2006-2015 P P X P P

Cedar Rapids, IA IEM Hourly 1998-2015 P X X X X 2,573            

Champaign, IL ICN Daily 1990-2015 X X X X X X 2,573            

Brunswick, NE HPRCC Hourly 1999-2015 X X X X X 2,575            

*Dew point measurements are typically calculated, not directly measured. 

X indicates that data was available for the full period of record.

P indicates that data was available only for part of the period of record.

2,544            

Data Availability Number of 

Days Used

Waseca, MN

Location Source
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1.2.1.3 Preparation of Weather Data 

Weather data records for all locations were reduced to the overlapping period, May 1st, 2002 to 

December 31st, 2015, and the time series for each variable in each dataset was plotted and visually 

checked for outlying and erroneous data points. Data were then aggregated as necessary to daily 

total, maximum, minimum, and/or mean values (as appropriate, depending on the variable in 

question) resulting in a minimum of 2,544 valid daily records at each location as shown in Table 

1-2.  

All formulas used for derived weather variables are from the ASCE Standardized Reference 

Evapotranspiration Equation documentation (ASCE-EWRI 2005) unless otherwise noted, and all 

calculations are performed on a daily time step.  

1.2.1.3.1 Psychrometric and Atmospheric Variables 

Mean Daily Temperature (Tmean) 

Mean daily temperature is a parameter in several derived variables. It is calculated as the average 

of daily maximum and minimum temperatures: 

 
𝑻𝒎𝒆𝒂𝒏 =  

(𝑻𝒎𝒂𝒙 + 𝑻𝒎𝒊𝒏)

𝟐
 1-1 

Latent Heat of Vaporization (λ) 

The ASCE-EWRI (2005) recommends using a constant value for the latent heat of vaporization of 

water, λ, of 2.45 MJ ∙ kg-1 out of convenience since the value does not fluctuate significantly over 

the range of ambient air temperatures. However, given that the exact computation of λ is simple, 

and given the large range of temperatures observed across the locations evaluated in this chapter, 

the equation presented by Jensen et al. (1990) is used instead. For λ in MJ ∙ kg-1 and in T in °C: 

 𝝀 =  𝟐. 𝟓𝟎𝟏 − 𝟎. 𝟎𝟎𝟐𝟑𝟔𝟏 𝑻 1-2 

Atmospheric Pressure (Pa) 

Atmospheric pressure, Pa, can be predicted from elevation, z, in meters above mean sea level as: 

 
𝑷𝒂 =  𝟏𝟎𝟏. 𝟑 (

𝟐𝟗𝟑 − 𝟎. 𝟎𝟎𝟔𝟓 𝒛

𝟐𝟗𝟑
)

𝟓.𝟐𝟔

 1-3 
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Psychrometric Constant (γ) 

Like the latent heat of vaporization, the ASCE-EWRI (2005) recommends using a simplified value 

for the psychrometric constant, γ. Again, because the exact computation of γ is simple, the equation 

presented by Jensen et al. (1990) is used instead. For γ in kPa ∙ °C-1 and Pa in kPa: 

 
𝜸 =  

𝒄𝒑𝑷𝒂

𝟎. 𝟔𝟐𝟐 𝝀
 1-4 

where cp is the specific heat of moist air at constant pressure, 0.001013 MJ ∙ kg-1 ∙ °C-1.  

Vapor Pressure (e0) 

Vapor pressure, e0, at a given temperature, T, in °C is calculated as: 

 𝒆𝟎(𝑻) =  𝟎. 𝟔𝟏𝟎𝟖 𝒆(𝟏𝟕.𝟐𝟕 𝑻) (𝑻+𝟐𝟑𝟕.𝟑)⁄  1-5 

Actual Vapor Pressure (ea) 

Five options were provided by the ASCE-EWRI (2005) for the calculation of actual vapor pressure, 

ea, using some combination of the dew point temperature, Tdew, maximum and minimum relative 

humidity, RHmin and RHmax, and daily maximum and minimum air temperature, Tmax and Tmin.  The 

equations are presented here in order of preference (with all temperatures in °C). The first and best 

option is to use the dew point temperature, Tdew, as: 

 𝒆𝒂 =  𝒆𝟎(𝑻𝒅𝒆𝒘) 1-6 

If dew point data are not available, the actual vapor pressure can be calculated as: 

 

𝒆𝒂 =  
𝒆𝟎(𝑻𝒎𝒊𝒏) 

𝑹𝑯𝒎𝒂𝒙
𝟏𝟎𝟎 + 𝒆𝟎(𝑻𝒎𝒂𝒙) 

𝑹𝑯𝒎𝒊𝒏
𝟏𝟎𝟎

𝟐
 

1-7 

If minimum relative humidity is not available, the actual vapor pressure can be calculated as: 

 
𝒆𝒂 =  𝒆𝟎(𝑻𝒎𝒊𝒏) 

𝑹𝑯𝒎𝒂𝒙

𝟏𝟎𝟎
 1-8 

If maximum relative humidity is not available, the actual vapor pressure can be calculated as: 

 
𝒆𝒂 =  𝒆𝟎(𝑻𝒎𝒂𝒙) 

𝑹𝑯𝒎𝒊𝒏

𝟏𝟎𝟎
 1-9 
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If no humidity data are available, the actual vapor pressure can be calculated as: 

 𝒆𝒂 =  𝒆𝟎(𝑻𝒎𝒊𝒏) 1-10 

Saturation Vapor Pressure (es) 

Saturation vapor pressure, es, is estimated as the average of the vapor pressures at the daily 

maximum and minimum temperatures: 

 
𝒆𝒔 =  

𝒆𝟎(𝑻𝒎𝒂𝒙) − 𝒆𝟎(𝑻𝒎𝒊𝒏)

𝟐
 1-11 

Slope of the Saturation Vapor Pressure-Temperature Curve (Δ) 

The slope of the saturation vapor pressure-temperature curve, Δ, is estimated as: 

 
𝜟 =  

𝟐𝟓𝟎𝟑 𝒆(𝟏𝟕.𝟐𝟕 𝑻) (𝑻+𝟐𝟑𝟕.𝟑)⁄

(𝑻 + 𝟐𝟑𝟕. 𝟑)𝟐
 1-12 

 

Vapor Pressure Deficit 

The vapor pressure deficit (VPD) is calculated as the difference between the saturation and actual 

vapor pressures over a time step: 

 𝑽𝑷𝑫 =  𝒆𝒔 − 𝒆𝒂 1-13 

1.2.1.3.2 Radiation Variables 

Net Radiation 

Net (incoming) radiation, Rn, is defined as the sum of net short-wave radiation, Rns, and net long-

wave radiation, Rnl, where incoming Rns is defined as being positive and outgoing Rnl is defined as 

being positive: 

 𝑹𝒏 = 𝑹𝒏𝒔 − 𝑹𝒏𝒍 1-14 

Net Short-Wave Radiation 

Net (incoming) short-wave radiation, Rns, is defined as the incoming solar radiation minus the 

reflected portion: 
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 𝑹𝒏𝒔 = (𝟏 − 𝜶) 𝑹𝒔 1-15 

where the albedo, α, is assumed to be a constant value of 0.23.  

Net Long-Wave Radiation 

Net (outgoing) long-wave radiation, Rnl, is defined (for temperature in K) as : 

 
𝑹𝒏𝒍 = 𝝈 𝒇𝒄𝒅 (𝟎. 𝟑𝟒 − 𝟎. 𝟏𝟒√𝒆𝒂) [

𝑻𝒎𝒂𝒙
𝟒 − 𝑻𝒎𝒊𝒏

𝟒

𝟐
] 1-16 

where σ is the Stephan-Boltzmann constant, 4.901 x 10-9 MJ ∙ K-4 ∙ m-2 ∙ d-1, and the cloudiness 

factor, fcd, is calculated as: 

 
𝒇𝒄𝒅 = 𝟏. 𝟑𝟓 

𝑹𝒔

𝑹𝒔𝒐
− 𝟎. 𝟑𝟓 1-17 

Clear Sky Solar Radiation 

Where neither observed solar radiation, nor observed net radiation is available, the clear sky 

(incoming) solar radiation, Rso, can be estimated from the extraterrestrial radiation, Ra, as: 

 𝑹𝒔𝒐 = (𝟎. 𝟕𝟓 − 𝟎. 𝟎𝟎𝟎𝟐 ∗ 𝟏𝟎−𝟓) 𝑹𝒂 1-18 

Extraterrestrial Radiation 

Extraterrestrial terrestrial radiation, Ra, is the amount of solar radiation that would reach the earth’s 

surface without interference from an atmosphere: 

 
𝑹𝒂 =

𝟐𝟒

𝝅
 𝑮𝒔𝒄 𝒅𝒓 [𝝎𝒔 𝐬𝐢𝐧(𝝋) 𝐬𝐢𝐧(𝜹) + 𝐜𝐨𝐬(𝝋) 𝐜𝐨𝐬(𝜹) 𝐬𝐢𝐧(𝝎𝒔)] 1-19 

where the solar constant, Gsc, is 4.92 MJ ∙ m-2 ∙ h-1, ϕ is latitude in radians, δ is the solar declination 

in radians, ωs is the sunset hour angle in radians, and dr is the inverse relative distance factor 

(squared) for the earth-sun; δ, ωs and dr are calculated as: 

 
𝜹 = 𝟎. 𝟒𝟎𝟗 𝐬𝐢𝐧 (

𝟐𝝅

𝟑𝟔𝟓
 𝑫𝑶𝒀 − 𝟏. 𝟑𝟗) 1-20 

 𝝎𝒔 = 𝐜𝐨𝐬−𝟏[− 𝐭𝐚𝐧 𝝋 𝐭𝐚𝐧 𝜹] 1-21 
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𝒅𝒓 =  𝟏 + 𝟎. 𝟎𝟑𝟑 𝐜𝐨𝐬 (

𝟐𝝅

𝟑𝟔𝟓
 𝑫𝑶𝒀) 1-22 

 

where DOY is the ordinal day of year between 1 and 366.  

1.2.1.4 Description of ET Methods Selected for Evaluation 

The formulation of each ET estimation method is shown in Table 1-3, and a complete description 

of each method follows.  
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Table 1-3: Summary of ET estimation method formulations 

Code Method Estimates Equation 

PM Penman-Monteith ETtr or ETsr 𝐸𝑇𝑟 =  
0.408 Δ(𝑅𝑛 − 𝐺) + 𝛾

𝐶𝑛

𝑇 + 273
𝑢2(𝑒𝑠 − 𝑒𝑎)

Δ + 𝛾(1 + 𝐶𝑑𝑢2)
 

JH Jensen-Haise ETtr 𝐸𝑇𝑡𝑟 = 𝐶𝑇(𝑇 − 𝑇𝑥)𝑅𝑠𝜆−1 

DP Doorenbos-Pruitt ETsr 𝐸𝑇𝑠𝑟 = 𝑎 + 𝑏 [
𝛥

𝛥 + 𝛾
𝑅𝑠] 

HG Hargreaves ETsr 𝐸𝑇𝑠𝑟 = 0.0023 𝑅𝑠 (𝑇 + 17.8) 

HS Hargreaves-Samani ETsr 𝐸𝑇𝑠𝑟 = 0.0023 𝑅𝑎 𝑇𝐷1/2 (𝑇 + 17.8) 

PT Priestly-Taylor ETp 𝐸𝑇𝑝 = 1.26
𝛥

𝛥 + 𝛾
(𝑅𝑛 − 𝐺) 

TW Thornthwaite ETp 
𝐸𝑇𝑝 = 1.6 (

𝐿𝑚

12
) (

𝑁𝑚

30
) (

10�̅�𝑑

𝐼
)

𝑎

                                (0℃ < 𝑇 ≤ 26℃) 

𝐸𝑇𝑝 = −415.85 + 32.24 ∗ �̅�𝑑 − 0.43 ∗ (�̅�𝑑)2                     (𝑇 > 26℃) 

TP Thornthwaite-Pereira ETp 
𝐸𝑇𝑝 = 1.6 (

𝐿𝑚

12
) (

𝑁𝑚

30
) (

10�̅�𝑒𝑓

𝐼
)

𝑎

                               (0℃ < 𝑇 ≤ 26℃) 

𝐸𝑇𝑝 = −415.85 + 32.24 ∗ �̅�𝑒𝑓 − 0.43 ∗ (�̅�𝑒𝑓)
2

                  (𝑇 > 26℃) 

 



29 

 

1.2.1.4.1 Combination Methods 

Penman-Monteith 

Monteith (1965) modified the Penman equation to account for resistance to water vapor diffusion 

and sensible heat transfer due to the air and the vegetative canopy,  and the resulting Penman-

Monteith equation has since proven itself among the most robust ET estimation methods (Jensen et 

al. 1990; Bos et al. 2008) at the field-scale.  

As presented by Jensen et al. (1990), the Penman-Monteith equation is as follows: 

 
𝝀𝑬𝑻𝒑 =  

𝜟

𝜟 + 𝜸∗
(𝑹𝒏 − 𝑮) +

𝜸

𝚫 + 𝜸∗
𝑲𝟏

𝟎. 𝟔𝟐𝟐 𝝀𝝆𝒂

𝑷

𝟏

𝒓𝒂
(𝒆𝒉

𝟎 − 𝒆𝒉) 1-23 

where 

 
𝒓𝒂 =

𝒍𝒏 [(𝒉𝒘 − 𝒅)/𝒉𝒐𝒎] 𝐥𝐧 [(𝒉𝒑 − 𝒅)/𝒉𝒐𝒗] 

(𝟎. 𝟒𝟏)𝟐𝒖𝒉
 1-24 

and 

 𝜸∗ = 𝜸(𝟏 + 𝒓𝒄/𝒓𝒂) 1-25 

where ra is the aerodynamic resistance to sensible heat and vapor transfer, rc is the surface resistance 

to vapor transfer, d is the zero-plane displacement height, hom is the roughness length for 

momentum transfer, and hov is the roughness length for vapor transfer.7  

In an attempt to simplify application of the Penman-Monteith equation, the ASCE-EWRI (2005) 

developed the ASCE Standardized Reference Evapotranspiration Equation, which simplifies and 

clarifies the calculation of reference ET for both a short (i.e. grass) and tall (i.e. alfalfa) reference 

crop: 

 

𝑬𝑻𝒓 =  
𝟎. 𝟒𝟎𝟖 𝚫(𝑹𝒏 − 𝑮) + 𝜸

𝑪𝒏
𝑻 + 𝟐𝟕𝟑 𝒖𝟐(𝒆𝒔 − 𝒆𝒂)

𝚫 + 𝜸(𝟏 + 𝑪𝒅𝒖𝟐)
 1-26 

 

7 Methods of estimating these parameters are discussed in detail by Jensen et al. (1990) and will not be 

discussed further here, since the ASCE Standardized Reference Evapotranspiration Equation – rather than 

the original Penman-Monteith formulation – is used in this work. 
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where ETr
 is the standardized reference crop evapotranspiration for either a short (ETsr) or tall (ETtr) 

reference crop, depending on the inputs chosen, and Cn and Cd are constants that change depending 

on reference crop and time step length. For daily evapotranspiration calculations, Cn and Cd are 900 

mm/d and 0.34 mm/d for a short reference crop, respectively, or 1600 mm/d and 0.38 mm/d for a 

tall reference crop, respectively. 

Priestly-Taylor 

Priestly and Taylor (1972) simplified the Penman equation for wet conditions by dropping the 

aerodynamic component and multiplying the energy balance component by a coefficient. This sets 

the equation apart from other combination methods since it attempts to approximate potential 

evapotranspiration directly – independent of the crop being grown – and takes the form: 

 
𝑬𝑻𝒑 = 𝟏. 𝟐𝟔

𝜟

𝜟 + 𝜸
(𝑹𝒏 − 𝑮) 1-27 

1.2.1.4.2 Radiation Methods 

Jensen-Haise 

Jensen and Haise (1963) developed an equation for ET from an alfalfa reference crop based on an 

observed linear relationship between radiation and mean air temperature in the Western U.S.:  

 𝝀𝑬𝑻𝒕𝒓 = 𝑪𝑻(𝑻 − 𝑻𝒙)𝑹𝒔 1-28 

For temperature in °C, the coefficients CT and Tx were originally defined as 0.025 and -3, 

respectively, but were later refined by Jensen (1966) and Jensen et al. (1970) as: 

 
𝑪𝑻 =

𝟏

𝑪𝟏 + 𝑪𝟐𝑪𝑯
 1-29 

where  

 𝑪𝟏 = 𝟑𝟖 − (𝟐 𝒛/𝟑𝟎𝟓) 1-30 

 𝑪𝟐 = 𝟕. 𝟑 1-31 

 
𝑪𝑯 =

𝟓. 𝟎 𝒌𝑷𝒂

(𝒆𝟐 − 𝒆𝟏)
 1-32 

and 
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 𝑻𝒙 = −𝟐. 𝟓 − 𝟏. 𝟒(𝒆𝟐 − 𝒆𝟏) − 𝒛/𝟓𝟓𝟎 1-33 

Here, e2 and e1 are the “saturation vapor pressures in kPa at the mean maximum and mean minimum 

temperatures, respectively, for the warmest month of the year in an area” (Jensen et al. 1990), where 

z is the site elevation in meters.  

Hargreaves 

Hargreaves (1975) developed an empirical equation for estimating ET for a short reference crop 

based on lysimeter data from Davis, California, which uses solar radiation and mean air temperature 

as the only inputs: 

 𝑬𝑻𝒔𝒓 = 𝟎. 𝟎𝟎𝟐𝟑 𝑹𝒔 (𝑻 + 𝟏𝟕. 𝟖) 1-34 

Doorenbos-Pruitt 

Doorenbos and Pruitt (1977) developed an equation for estimating ET for a short reference crop 

using solar radiation and relative humidity: 

 
𝑬𝑻𝒔𝒓 = 𝒂 + 𝒃 [

𝜟

𝜟 + 𝜸
𝑹𝒔] 1-35 

where  

 𝒂 = −𝟎. 𝟑 1-36 

 𝒃 = 𝟏. 𝟎𝟔𝟔 − 𝟎. 𝟏𝟑 ∗ 𝟏𝟎−𝟐 𝑹𝑯̅̅̅̅̅ + 𝟎. 𝟎𝟒𝟓 𝑼𝒅 − 𝟎. 𝟐𝟎 ∗ 𝟏𝟎−𝟑 𝑹𝑯̅̅̅̅̅ 𝑼𝒅

− 𝟎. 𝟑𝟏𝟓 ∗ 𝟏𝟎−𝟒 𝑹𝑯̅̅̅̅̅𝟐 − 𝟎. 𝟏𝟏 ∗ 𝟏𝟎−𝟐 𝑼𝒅
𝟐 

1-37 

and RH̅̅ ̅̅  is the average of the daily maximum and minimum relative humidities (Frevert et al. 1983; 

Jensen et al. 1990). 

1.2.1.4.3 Temperature Methods 

Thornthwaite 

Using water balance studies in the east-central U.S., Thornthwaite (1948) and Thornthwaite and 

Mather (1955; 1957) developed an equation for estimating monthly potential ET based on latitude 

and mean monthly air temperature, T̅m, for month m. Pereira and Pruitt (2004) used a correction 

factor to compute daily evaporation by setting T̅d equal to daily mean temperature for day d, as: 
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 𝑬𝑻𝒑 = 𝟏. 𝟔(𝑳𝒎/𝟏𝟐)(𝑵𝒎/𝟑𝟎)(𝟏𝟎�̅�𝒅/𝑰)𝒂 1-38 

for T̅d > 0°C, where  

 𝒂 = 𝟔. 𝟕𝟓 ∗ 𝟏𝟎−𝟕 𝑰𝟑 − 𝟕. 𝟕𝟏 ∗ 𝟏𝟎−𝟓 𝑰𝟐 + 𝟏. 𝟕𝟗𝟐 ∗ 𝟏𝟎−𝟐 𝑰 + 𝟎. 𝟒𝟗𝟐𝟑𝟗 1-39 

I is the heat index for a location: 

 

𝑰 = ∑ (�̅�𝒎/𝟓)𝟏.𝟓𝟏𝟒

𝟏𝟐

𝒎=𝟏

 1-40 

and Lm and Nm are the average day length and total number of days, respectively, in month m, 

where 

 
𝑳𝒎 = 𝟐 𝐜𝐨𝐬−𝟏(−𝐭𝐚𝐧 𝝓 𝐭𝐚𝐧 𝜹)

𝟏𝟐

𝝅
  1-41 

(Brutsaert 1982; Black 1996; Sellinger 1996; Pereira and Pruitt 2004). Willmott et al. (1985) 

presented a modification of the equation for �̅�𝑑 > 26°C: 

 𝑬𝑻𝒑 = −𝟒𝟏𝟓. 𝟖𝟓 + 𝟑𝟐. 𝟐𝟒 ∗ �̅�𝒅 − 𝟎. 𝟒𝟑 ∗ (�̅�𝒅)𝟐 1-42 

Because the Thornthwaite equation has such minimal data requirements, it is among the most 

misused ET prediction methods, particularly in arid and semi-arid regions where the key 

assumptions of the equation are invalid (Jensen et al. 1990) as the equation was developed in the 

humid Eastern U.S. 

Thornthwaite-Pereira 

Pereira and Pruitt (2004) attempted to adjust Thornthwaite’s model for arid climates – where it 

typically underestimates ET considerably – and found that, although their adjustment produced an 

overestimation of ET, it agreed well with results from a Penman-Monteith model in Davis, CA and 

Piracicaba, SP, Brazil.  

The calculation was much the same as the original, except that an effective temperature, Tef, was 

used instead of daily mean temperature in equations 1-38 and 1-42: 

 𝑻𝒆𝒇 = 𝟎. 𝟓 𝒌 (𝟑 𝑻𝒎𝒂𝒙 − 𝑻𝒎𝒊𝒏) 1-43 
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where k is an empirical correction factor. The effective temperature was then further corrected by 

accounting for the photoperiod length: 

 
𝑻𝒆𝒇

∗ = 𝑻𝒆𝒇  
𝑵

𝟐𝟒 − 𝑵
 1-44 

Hargreaves-Samani 

Hargreaves and Samani (1982; 1985) improved upon the equation originally developed by 

Hargreaves (1975), presented above. Rather than using solar radiation, Rs, they proposed using 

extraterrestrial radiation, Ra, since it does not require data to be collected and instead can be 

estimated based on latitude and calendar day. The only other input is the difference between the 

mean monthly maximum and mean monthly minimum air temperatures, TD, which means that the 

improvements effectively turned Hargreaves’ radiation-and-temperature-based method into a 

purely temperature-based method. For temperature in °C, Hargreaves et al. (1985) found that: 

 𝑬𝑻𝒔𝒓 = 𝟎. 𝟎𝟎𝟐𝟑 𝑹𝒂 𝑻𝑫𝟏/𝟐 (𝑻 + 𝟏𝟕. 𝟖) 1-45 

1.2.2 Comparison of ET Methods 

Results from each method were compared to Penman-Monteith results by like reference crop. For 

example, since the Jensen-Haise model is intended to estimate ET for a tall reference crop, its 

results were compared with the Penman-Monteith results for a tall reference crop. Where a method 

was designed to compute potential ET without respect to a reference crop, its results were compared 

to the Penman-Monteith results for both a tall and short reference crop. 

Each of the seven non-Penman-Monteith methods (Priestly-Taylor, Jensen-Haise, Hargreaves, 

Doorenbos-Pruitt, Thornthwaite, Thornthwaite-Pereira, and Hargreaves-Samani) were compared 

on a daily, monthly, and annual basis over the growing season (May-October) with results from the 

most appropriate Penman-Monteith reference crop option (i.e. either the short/grass method or the 

tall/alfalfa method). Notably, methods that are intended to predict potential evapotranpiration (as 

opposed to reference evapotranspiration) were compared with both the short and tall crop variants 

of the Penman-Monteith method – recognizing that neither of these comparisons is necessarily 

more appropriate than the other.  

Statistical analysis of the ET estimation methods was performed using the free, open-source 

statistical programming language R (Ihaka and Gentleman 1996). Residuals for each comparison 

were first evaluated for normality to inform the selection of the most appropriate statistical 

measures. Mean- and median-based statistical measures were computed for each comparison on a 
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daily and monthly basis. Daily comparisons were each fitted with a linear model and the coefficient 

of determination, R2, the Nash-Sutcliffe Efficiency, NSE, the Robust Coefficient of Determination, 

RCD, and the Robust Modeling Efficiency, RME, were computed.  

1.2.2.1 Description of Statistical Tests 

1.2.2.1.1 Normality Tests 

Three statistical measures were used to evaluate the normality of residual errors for each method 

comparison. The first measure, kurtosis, provides an indication of the peakedness of a distribution, 

where a normal distribution has a kurtosis equal to 3. A kurtosis greater than 3 indicates a less 

peaked distribution, and a kurtosis smaller than 3 indicates a more peaked distribution. As described 

by Haan (1977), kurtosis, 𝜅, is calculated as the fourth central moment, µ4, divided by the square 

of the variance, 𝜎2: 

 𝜿 =  
µ𝟒

𝝈𝟒
 1-46 

where 

  µ𝟒 =
∑ (𝒎𝒊 − �̅�)𝟒𝒏

𝒊=𝟏

𝒏
 1-47 

and where 𝑚1, 𝑚2, …, 𝑚𝑛 is the univariate data, �̅� is the mean, and 𝑛 is the sample size. Since a 

normal distribution has a kurtosis equal to 3, the coefficient of excess, 𝜅∗, will be used here instead 

to simplify interpretation: 

 𝜿∗ =  
µ𝟒

𝝈𝟒
− 𝟑 1-48 

The second measure, skewness, provides an indication of the symmetry of a distribution. Multiple 

means of quantifying skewness exist, but the most commonly used is Pearson’s moment coefficient 

of skewness, wherein a normal distribution will have a coefficient equal to zero. As described by 

Haan (1977), the skewness coefficient, 𝛾, is calculated as the third central moment, µ3, divided by 

the variance, 𝜎2, to the 1.5th power: 

 𝜸 =  
µ𝟑

𝝈𝟑
 1-49 

where 
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  µ𝟑 =
∑ (𝒎𝒊 − �̅�)𝟑𝒏

𝒊=𝟏

𝒏
 1-50 

The third measure, the Shapiro-Wilk W-test, uses variance and size of a sample to compute the W 

statistic, which is then used to develop P-values to test the null hypothesis that the sample is 

normally distributed (Shapiro and Wilk 1965). As presented by Coffey et al. (2004), the W statistic 

is calculated as: 

 𝑾 = 𝒃𝟐/𝝈𝟐 1-51 

where 

 

𝒃 = ∑ 𝒂𝒏−𝒊+𝟏(𝒎𝒏−𝒊+𝟏 − 𝒎𝒊)

𝒌

𝒊=𝟏

 1-52 

   

 
𝜎2 = ∑(𝑚𝑖 − �̅�)2

𝑛

𝑖=1

 
1-53 

and 

 
𝒏 = {

𝟐𝒌               𝒊𝒇 𝒔𝒂𝒎𝒑𝒍𝒆 𝒔𝒊𝒛𝒆 𝒊𝒔 𝒆𝒗𝒆𝒏
𝟐𝒌 + 𝟏         𝒊𝒇 𝒔𝒂𝒎𝒑𝒍𝒆 𝒔𝒊𝒛𝒆 𝒊𝒔 𝒐𝒅𝒅

  1-54 

where 𝜎2 is the sample variance, 𝑚1, 𝑚2, …, 𝑚𝑛 is the univariate data, �̅� is the sample mean, k is 

the test statistic summation index, a is the normalized coefficient, b is the linear sample order 

statistic, and 𝑛 is the sample size. The R implementation of the W-test is a C translation of the 

Fortran code described by Royston (1982; 1995), and is included in the base stats package of R (R 

Core Team 2018).  
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1.2.2.1.2 Mean-Based Objective Functions 

Regression Performance Measures 

Three measures of regression performance were used to evaluate linear models developed for each 

method comparison. The first, Pearson’s correlation8 coefficient (also known as the product 

moment correlation coefficient), tests the degree of linear correlation between two datasets and has 

a value between -1 and 1. As presented by Wȩglarczyk (1998), 𝑟 is calculated as: 

 
𝒓 =

𝒎𝑿𝒎𝒀̅̅ ̅̅ ̅̅ ̅̅ ̅ − �̅�𝑿�̅�𝒀

𝝈𝑿𝝈𝒀
 1-55 

where 𝑚𝑋 and 𝑚𝑌 are the values for the observed (X) and simulated (Y) data, and �̅�𝑋, �̅�𝑌, 𝜎𝑋 and 

𝜎𝑌 are the means and standard deviations, respectively. An alternative formulation is presented by 

Coffey et al. (2004):  

 
𝒓 =

∑ (𝒎𝒀𝒊 − �̅�𝒀)(𝒎𝑿𝒊 − �̅�𝑿)𝒏
𝒊=𝟏

√∑ (𝒎𝒀𝒊 − �̅�𝒀)𝒏
𝒊=𝟏 √∑ (𝒎𝑿𝒊 − �̅�𝑿)𝒏

𝒊=𝟏

 
1-56 

While the sign of 𝑟 can provide information regarding the direction of the correlation, Pearson’s 

correlation coefficient is broadly reported as 𝑟2 due to the convenience of interpreting a value 

between 0 and 1.  

The second measure of regression performance, the Nash-Sutcliffe Efficiency (NSE), is a 

dimensionless measure of both correlation and bias and has a value between -∞ and 1, where a 

value of 1 indicates a perfect fit, a value >0 is generally taken to indicate acceptable model 

performance, and a value ≤0 indicates that the mean value of the observations is a better predictor 

than the simulated value (Wȩglarczyk 1998; Moriasi et al. 2007). As presented by Wȩglarczyk 

(1998), the NSE is calculated as: 

 
𝑵𝑺𝑬 = 𝟏 −

𝑴𝑺𝑬

𝝈𝑿
 1-57 

  

 

8 It should be noted that the term “correlation” is a generic term, and indeed many statistical measures of 

correlation have been developed. For example, Rodgers and Nicewander (1988) outlined 13 different 

measures of correlation. 
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where the Mean Squared Error (MSE) is calculated as: 

 
𝑴𝑺𝑬 = 𝝈𝑿

𝟐 ((𝟏 − 𝒓𝟐) + (
𝝈𝒀

𝝈𝑿
− 𝒓)

𝟐

+
𝜷𝟐

𝝈𝑿
𝟐

) 1-58 

and the bias, 𝛽, is calculated as: 

 𝜷 = �̅�𝒀 − �̅�𝑿 1-59 

Clearly, NSE is dependent on 𝑟 anDd, in the absence of bias (i.e. when 𝛽 = 0), it can be shown that 

the 𝑟2 and NSE values will be equivalent (Wȩglarczyk 1998). As with 𝑟, an alternative formulation 

is presented by Coffey et al. (2004) wherein NSE is equal to one minus the ratio of the residual sum 

of squares (SSR) to the total sum of squares (SST): 

 

𝑵𝑺𝑬 = 𝟏 −
∑ (𝒎𝒀𝒊 − 𝒎𝑿𝒊)

𝟐𝒏
𝒊=𝟏

∑ (𝒎𝒀𝒊 − �̅�𝒀)
𝟐𝒏

𝒊=𝟏

= 𝟏 −
𝑺𝑺𝑹

𝑺𝑺𝑻
 1-60 

The third measure is the square of the regression correlation coefficient, 𝑅𝑟
2, which is a measure of 

how closely a regression line approaches a perfect fit. It is similar to the square of the correlation 

coefficient, 𝑅2, which is a dimensionless measure of the covariance of two datasets and usually has 

a value between 0 (indicating the complete absence of correlation) and 1 (indicating perfect 

correlation).9 As presented by Coffey et al. (2004), 𝑅2 can be represented as one minus the ratio of 

the explained sum of squares (SSE) to the total sum of squares: 

 

𝑹𝟐 = 𝟏 −
∑ (𝒎𝑿𝒊 − �̅�𝒀)

𝟐𝒏
𝒊=𝟏

∑ (𝒎𝒀𝒊 − �̅�𝒀)
𝟐𝒏

𝒊=𝟏

= 𝟏 −
𝑺𝑺𝑬

𝑺𝑺𝑻
 1-61 

where 𝑚𝑋 and 𝑚𝑌 are the values for the observed (X) and simulated (Y) data10, and �̅�𝑋 and �̅�𝑌 

are the means of the simulated (X) and observed (Y) data. In order to apply this equation to evaluate 

a regression (rather than directly comparing two datasets), the observed values, 𝑚𝑌, are replaced 

with the predicted values from the regression, 𝑚𝑌,𝑟 : 

 

9 The terms r2 and R2 have been used to represent a variety of measures of correlation, and is often referred 

to as the coefficient of determination; that term has been reserved here for a different statistical measure.  

10 Here, the “observed” values would be those derived from the Penman-Monteith method.   
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𝑹𝒓
𝟐 = 𝟏 −

∑ (𝒎𝑿𝒊 − �̅�𝒀,𝒓)
𝟐𝒏

𝒊=𝟏

∑ (𝒎𝒀,𝒓𝒊
− �̅�𝒀,𝒓)

𝟐
𝒏
𝒊=𝟏

= 𝟏 −
𝑺𝑺𝑬𝒓

𝑺𝑺𝑻𝒓
 1-62 

Since 𝑅𝑟
2 is only a measure of how closely the regression line approaches an ideal fit (i.e. it 

measures correlation around an arbitrary line in the X-Y plane) in the presence of bias it provides 

no indication how well the data fit the 1:1 line (Coffey et al. 2004).  

Goodness-of-Fit Measures 

Two mean-based goodness-of-fit objection functions – the coefficient of determination (CD) and 

the model efficiency (ME) – were also used to evaluate method comparisons where the criteria of 

residual error normality is met. As presented by Coffey et al. (2004), CD is calculated as the ratio 

of the total sum of squares (SST) to the explained sum of squares (SSE): 

 

𝑪𝑫 =
∑ (𝒎𝒀𝒊 − �̅�𝒀)

𝟐𝒏
𝒊=𝟏

∑ (𝒎𝑿𝒊 − �̅�𝒀)
𝟐𝒏

𝒊=𝟏

=
𝑺𝑺𝑻

𝑺𝑺𝑬
 1-63 

and ME is calculated as the ratio of the difference between the total sum of squares (SST) and the 

residual (or unexplained) sum of squares (SSR) to the explained sum of squares (SSE): 

 

𝑴𝑬 =
∑ (𝒎𝒀𝒊 − �̅�𝒀)

𝟐𝒏
𝒊=𝟏 − ∑ (𝒎𝒀𝒊 − 𝒎𝑿𝒊)

𝟐𝒏
𝒊=𝟏

∑ (𝒎𝑿𝒊 − �̅�𝒀)
𝟐𝒏

𝒊=𝟏

=
𝑺𝑺𝑻 − 𝑺𝑺𝑹

𝑺𝑺𝑬
 1-64 

where 𝑚𝑋𝑖 and 𝑚𝑌𝑖 are the values for the observed (X) and simulated (Y) data, �̅�𝑌 is the mean of 

the simulated (Y) data, and 𝑛 is the sample size. The lower limit for 𝐶𝐷 is zero, while 𝑀𝐸 can take 

on a negative value (Zacharias et al. 1996); neither has a theoretical upper limit. For a perfect fit, 

𝐶𝐷 = 𝑀𝐸 = 1. 

It can easily be shown that all of these mean-based objective measures (with the exception of 

Pearson’s correlation coefficient) are based on some part of or rearrangement of the partition of 

sums of squares equation (i.e. SST = SSR + SSE), and are therefore to some extent interdependent 

(Wȩglarczyk 1998). For example, in examining equations 1-61, 1-63, and 1-64, the relationships 

between 𝑅2, 𝐶𝐷, and ME are readily apparent: 

 
𝑹𝟐 = 𝟏 −

𝟏

𝑪𝑫
 1-65 



39 

 

and 

 
𝑴𝑬 = 𝑪𝑫 −

𝑺𝑺𝑹

𝑺𝑺𝑬
=

𝟏

𝟏 − 𝑹𝟐
−

𝑺𝑺𝑹

𝑺𝑺𝑬
 1-66 

To compare the performances of ET methods in their evaluation, Jensen (1990) used a statistic 

based on SSR called the standard error of estimate (SEE), which retains the units of the input data 

and has n – 1 degrees of freedom: 

 

𝑺𝑬𝑬 = √
𝑺𝑺𝑹

𝒏 − 𝟏
 1-67 

1.2.2.1.3 Median-Based Objective Functions 

The robust coefficient of determination (RCD) and the robust modeling efficiency (RME) were 

presented by Zacharias (1996) as modifications to their original mean-based formulations (the 

coefficient of determination and the modeling efficiency, respectively) for use with datasets where 

the median is a better estimator of the central tendency of the data – as is the case with non-normal 

data. As presented by Coffey et al. (2004), the robust coefficient of determination, 𝑅𝐶𝐷, is 

calculated as: 

 
𝑹𝑪𝑫 =

𝒎𝒆𝒅𝒊𝒂𝒏{|𝒎𝒀𝒊
− �̅�𝒀

∗| ∶ 𝒊 = 𝟏, 𝟐, … , 𝒏}

𝒎𝒆𝒅𝒊𝒂𝒏{|𝒎𝑿𝒊
− �̅�𝒀

∗| ∶ 𝒊 = 𝟏, 𝟐, … , 𝒏}
 1-68 

and the robust modeling efficiency, 𝑅𝑀𝐸, is calculated as: 

 
𝑹𝑴𝑬 =

𝒎𝒆𝒅𝒊𝒂𝒏{|𝒎𝒀𝒊
− �̅�𝒀

∗| ∶ 𝒊 = 𝟏, 𝟐, … , 𝒏} − 𝒎𝒆𝒅𝒊𝒂𝒏{|𝒎𝒀𝒊
− 𝒎𝑿𝒊

| ∶ 𝒊 = 𝟏, 𝟐, … , 𝒏}

𝒎𝒆𝒅𝒊𝒂𝒏{|𝒎𝒀𝒊
− �̅�𝒀

∗| ∶ 𝒊 = 𝟏, 𝟐, … , 𝒏}
 1-69 

where 

 �̅�𝒀
∗ = 𝒎𝒆𝒅𝒊𝒂𝒏{𝒎𝒀𝒊

∶ 𝒊 = 𝟏, 𝟐, … , 𝒏} 1-70 

As with their mean-based counterparts, for a perfect fit, 𝑅𝐶𝐷 = 𝑅𝑀𝐸 = 1. For reference purposes, 

the median-based bias was also computed: 

 𝜷∗ = �̅�𝒀
∗ − �̅�𝑿

∗ 1-71 
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1.3 Results and Discussion 

1.3.1 Comparison Between Methods at Waseca 

1.3.1.1 Daily ET Comparison 

1.3.1.1.1 Evaluation of Daily ET Estimates 

As shown in Table 1-4, comparisons made for the daily data over the entire period of record (May-

October, 2002-2015) produced residuals with highly non-normal distributions. The coefficients of 

excess were all much larger than zero, indicating less peaked (i.e. more tailed) residuals than 

normal. The lowest kurtosis was observed for the Penman-Monteith (Short) vs. Thornthwaite-

Pereira (𝜅∗= 1.13) and Penman-Monteith (Tall) vs. Doorenbos-Pruitt (𝜅∗= 1.27) method 

comparisons. A majority of the skewness coefficients were much larger than zero, indicating 

asymmetrical residual distributions. The smallest (i.e. closest to zero) skewness was observed for 

the Penman-Monteith (Short) vs. Thornthwaite-Pereira (𝛾 = 0.25) and Penman-Monteith (Short) 

vs. Thornthwaite (𝛾 = 0.55) method comparisons. The Shapiro-Wilk W-test showed that none of 

the daily comparisons met the criterion of residual error normality. These results imply that median-

based statistical measures may be better suited for evaluation of method performance on a daily 

time step. 

For each comparison, the slope and intercept of the best fit line along with the Rr
2, r2, and NSE 

values are reported in Table 1-5; r2 and NSE are also shown on the plots in Figure 1-2. Because the 

relative difference between Penman-Monteith results for the tall and short reference crops can vary 

considerably by location (Irmak et al. 2008), as a point of reference these methods were also 

compared with each other as shown in Figure 1-2 and in the tables as comparison #11.  

The regression statistics indicate that considerable variability in performance exists between the 

methods, and just five of the 10 methods11 were acceptable predictors of daily evapotranspiration 

according to the NSE values computed. The Doorenbos-Pruitt (DP) method performed best by all 

three measures with Rr
2 = 0.98, r2 = 0.79, and NSE = 0.65 (indicating a highly linear relationship 

that is well fit by a linear model and has relatively low bias). Notably, it was the only comparison 

with a regression line slope exceeding one – indicating an overprediction of ET relative to Penman-

Monteith. It is worth noting that all three of the potential ET methods (Priestly-Taylor, 

Thornthwaite, and Thornthwaite-Pereira), performed significantly better when compared with the 

Penman-Monteith short reference crop results than with the tall reference crop results, suggesting 

 

11 This excludes comparison 11, the Penman-Monteith tall to short reference crop comparison. 
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that in Waseca these methods would be better considered estimators of short reference crop ET. 

Taking this into consideration and excluding comparisons 2, 3, and 4, the Jensen-Haise (JH) method 

performed the worst by all three measures with Rr
2 = -3.17, r2 = 0.49, and NSE = -1.55. While the 

relative ranking of methods was consistent between these three statistics, the magnitudes of the 

values should be viewed with skepticism in light of the non-normality present in the residuals.  

Model goodness-of-fit measures are summarized in Table 1-6. Because none of the comparisons 

met the criterion for normally distributed residual errors, the median-based RCD and RME values 

should take precedent over the mean-based CD and ME values. Again, if comparisons 2, 3, and 4 

are excluded, the Jensen-Haise method performed worst with RCD = 0.61 and RME = -0.23 – 

consistent with the regression statistics. According to RME, the Hargreaves method performed best, 

but interpreting RCD is more difficult than, for example, NSE since there is no direct indication of 

whether a value greater than but close to one (e.g., Thornthwaite, RCD = 1.02) is necessary better 

than a value less than but close to one (e.g., Hargreaves-Samani, RCD =0.90). Regardless, while 

there does appear to be a positive correlation between RCD and RME, it is not possible to 

definitively compare the relative rankings of methods between them.  

Qualitatively, Coffey et al. (2004) chose 1 ± 0.5 as the target range for acceptable performance for 

both RCD and RME. By this measure, nine of the 10 methods performed acceptably according to 

RCD while just three of the 10 methods (Doorenbos-Pruitt, Hargreaves, and Priestly-Taylor) 

performed acceptably according to RME. It is notable that this list aligns with the list of the top 

three ranked methods according to the each of the regression statistics, although the individual 

rankings are not consistent since RME ranked Hargreaves higher than Doorenbos-Pruitt. 

RCD and RME are different statistics, so it should not be surprising that using the same criteria for 

acceptability does not yield the same result. Still, it is interesting that RCD appears be less sensitive 

to errors in the data than RME. One possible explanation for this disparity in sensitivity – casting 

aside the inherent difficulty in interpretation – is that where RCD is dependent only on the median-

based terms analogous to the SST and SSE, the RME is also dependent on the analogous term to 

the SSR, which is a function of the individual residuals. Intuitively, it seems that the SSR term 

(which, in the case of the mean-based estimator, is also referred to as the unexplained sum of 

squares) would cause RME to be much more sensitive to bias and/or non-linearity in the data. A 

large degree of bias and/or non-linearity would mean that residuals at the tail(s) of the distribution 

may be very large, leading to a very large small (negative) RME – even when the median is used 

instead of the mean. That said, as there is a visible negative correlation between β and both RCD 
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and RME, it isn’t straightforward to determine the degree of influence bias may have on method 

performance.  

 

 

Figure 1-2: Comparison plots of daily ET estimates for Waseca, MN, May-October, 2002-2015.   
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1.3.1.1.2 Evaluation of Daily ET Estimates by Month 

To evaluate the impact of seasonality in the weather data on ET predictions, the daily ET estimates 

were also evaluated on a month-by-month basis. Residuals were again tested for normality and the 

null hypothesis of the W-test was rejected for all months, indicating non-normally distributed 

residuals. Figure 1-14 and Figure 1-15 show the mean and median biases for each comparison for 

each month of the year. The median bias plot indicates that two methods (Jensen-Haise, 

Thornthwaite) produce lower bias during the middle of the growing season (i.e. July & August) 

than during the fringes, while two other methods (Doorenbos-Pruitt,  Thornthwaite-Pereira) exhibit 

the exact opposite (higher bias during the middle of the growing season that during the fringes); 

the biases for the remaining methods (Hargreaves, Hargreaves-Samani, Priestly-Taylor) do not 

exhibit any obvious relationship with time of year.  

The regression statistics (Figure 1-16 and Figure 1-17) appear to align with the daily results, with 

Doorenbos-Pruitt having consistently high r2 and NSE values that are higher in the middle of the 

growing season and lower in the fringe seasons, and Jensen-Haise having consistently low r2 and 

NSE values that improve during the middle of the growing season. According to the NSE, 

Doorenbos-Pruitt was the only method that was an acceptable estimator of ET (NSE > 0) in all 

months – aligning with the conclusions of Peng et al. (2017). The Jensen-Haise, Hargreaves-

Samani, and Thornthwaite methods were not acceptable estimators of ET in any single month – a 

conclusion that is interesting for Hargreaves-Samani in particular since it was an acceptable 

estimator of ET on aggregate, indicating that its overall (i.e. average) performance may be better 

than its performance for a particular day or month. The remaining three methods (Hargreaves, 

Priestly-Taylor, and Thornthwaite-Pereira) were all acceptable estimators of ET for at least three 

of the six months. 

The median-based goodness-of-fit statistics (Figure 1-18 and Figure 1-19) imply different method 

performances than the regression statistics. According to the RCD, either the Doorenbos-Pruitt or 

Hargreaves method performed best in all months and all methods performed acceptably in at least 

one month, with the majority of methods performing acceptably in multiple months. Conversely, 

according to the RME, Doorenbos-Pruitt was the only method to perform acceptably and it did so 

only in May. This implies a similar behavior to that inferred for the Hargreaves-Samani method 

above, which is that the overall (i.e. average) performance of any method appears to be better than 

the performance viewed at a shorter time scale. It follows, then, that in general aggregated ET 

predictions appear to increase in accuracy over longer time scales.  
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Hargreaves was developed for cool seasons (Yen et al. 2015), so it might be expected that its 

performance would decrease during the hottest months. Interestingly, the opposite was observed, 

with July and August being the months with the highest NSE values, while May and October had 

the lowest RCD values; a month-by-month comparison of RME values appears inconclusive. 

Hargreaves-Samani performed significantly and consistently worse than Hargreaves, which is to 

be expected given its lower data requirements.  

Thornthwaite and Thornthwaite-Pereira had inverse seasonal relationships, with the former 

generally performing better in the middle of the growing season and the latter performing better 

during the fringes of the growing season. Since Thornthwaite-Pereira was developed as a correction 

to Thornthwaite for arid climates (Pereira and Pruitt 2004), this trend may indicate an implicit 

dependence on low relative humidity – which is generally higher in Waseca the middle of the 

growing season.  

1.3.1.2 Monthly ET Comparison 

Results from each of the method comparisons were summed on a monthly basis and evaluated 

using the same methods as were used for the daily data. Based on the daily results, three of the 

model comparisons – PT vs. PMtr, TW vs. PMtr, and TP vs. PMtr – were excluded from further 

reporting in order to simplify discussion. The results of the monthly comparisons are summarized 

in Table 1-7, Table 1-8, and Table 1-9.  

While monthly residuals were more normally distributed than daily residuals, just two of the seven 

comparisons were not rejected by the W-test, indicating that RCD and RME should still be used to 

evaluate goodness-of-fit. The Doorenbos-Pruitt method performed best according to r2 and NSE 

(indicating a strong linear correlation with relatively low bias) but the Hargreaves-Samani method 

had a higher Rr
2 value (indicating a slightly better linear regression fit). Based on the same criteria 

for acceptance used above (1 ± 0.5), the Jensen-Haise method was the only unacceptable predictor 

of Penman-Monteith ET according to the RCD, while just the Doorenbos-Pruitt and Hargreaves-

Samani methods were acceptable predictors according to the RME.  

Monthly ET for each method averaged over the period of record is shown in Figure 1-3. Most 

notably, a large disparity is apparent between the Penman-Monteith estimates for tall and short 

reference crops, which decreases on average over the growing season. This is likely due to the 

second term in the numerator of Equation 1-26, since (a) the value of Cn is significantly larger for 

a tall reference crop (Cn = 1600 mm/d) than for a short reference crop (Cn = 900 mm/d), and (b) 

this term contains the vapor pressure deficit, es – ea, which is observed in Waseca to be higher in 
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the first half of the growing season than in the second half. Taken together, these two terms appear 

to have an amplification effect on the difference between the tall and short reference crop 

predictions when seasonal variations in humidity exist. 

Also notable is that Thornthwaite-Pereira is the only method that exceeds Penman-Monteith tall 

reference crop predictions in any month, which it does in August. Overall, Thornthwaite-Pereira 

appears to respond as expected in light of Equation 1-43, wherein the adjustment to using the 

“effective” temperature results in higher input values than the daily mean temperature used in the 

original Thornthwaite equation, thus resulting in larger ET estimates during hotter months.  

Lastly, there is a striking similarity in the magnitude of average monthly ET estimates for 

Thornthwaite and Jensen-Haise, indicating that these two methods may be essentially 

interchangeable over long time scales at Waseca.  
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Figure 1-3: Scatter plot of average estimated monthly ET by method at Waseca, MN, May-October, 2002-2015. 
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Figure 1-4: Average estimated monthly ET by method at Waseca, MN, May-October, 2002-2015. 
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1.3.1.3 Annual ET Comparison 

Results were aggregated on an annual basis and the mean, standard deviation, maximum and 

minimum of annual (i.e. growing-season) ET depths were computed, as summarized in Table 1-10. 

Additionally, the magnitude of the annual mean ET for each method is shown as a percentage of 

the annual mean ET for the PM method for both the tall and short reference crop.  

The PMtr method (tall reference crop) yielded 233 mm or 33% more ET annually on average than 

the PMsr method (short reference crop); these results are discussed further in the next chapter in the 

context of the crop coefficient curve and its importance. The Doorenbos-Pruitt (DP) method was 

the only reference crop method to overpredict ET, which it did by 33 mm or 5% annually. The next 

four best performing methods according to daily NSE values – HG, PT, TP, and HS – yielded 89%, 

89%, 110%, and 97% of PMsr annual ET, respectively. The worst performing method – JH – yielded 

just 60% of PMtr annual ET.  

1.3.1.4 Autocorrelation and Cross-Correlation 

It is important to note that there is a key difference between the ET analysis performed here and 

the model evaluation performed by Coffee et al. One major reason that cross correlation can be an 

important indicator of model performance in the calibration of large-scale (i.e. watershed-scale) 

hydrologic models is that certain model processes are subject to lag times that may span multiple 

model time steps, so in performing a cross correlation evaluation the parameters impacting those 

lag times can be calibrated accordingly.12 Conversely, the ET predictions examined here are not 

being compared to observed values and, since all of the ET calculations use the same set of input 

weather data, we should not expect any lag times to be present because each daily observation is 

essentially an independent event in and of itself; in other words, the ET prediction for each day is 

only dependent on the prediction from the preceding day to the extent that the input data from each 

day are dependent on the input data from the preceding day. Therefore, any cross correlation 

detected in a comparison of two ET methods is a product of cross correlation in the input data itself, 

and as such is not meaningful in the context of ET method performance evaluation. 

 

12 There are many examples of this, including the timing of surface runoff (which is influenced by the 

watershed time of concentration), groundwater discharge (which is influenced by aquifer parameters), and 

even streamflow itself (which is influenced by channel geometry).  
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1.3.2 Comparison Between Methods at Four Additional Locations 

1.3.2.1 Daily ET Comparisons 

1.3.2.1.1 Evaluation of Daily ET Estimates 

A subset of the methods compared at Waseca was chosen for review at four additional locations 

across the Midwest. With the exception of the JH method, which is a tall reference crop estimation 

method, all methods were compared with the results from the PMsr (short reference crop) method, 

as shown in Table 1-11. For each of the locations shown in Figure 1-1, and for each of the selected 

comparisons, the slope and intercept of the best fit line along with the R2 and NSE values are shown 

on the plots in Figure 1-5 through Figure 1-8; NSE values are summarized in Table 1-11. Since 

little difference was observed at Waseca in the relative ranking of methods by the RCD and RME 

statistics, only NSE is reported here. For reference, the plots for selected method comparisons at 

all five locations are shown together in Figure 1-13. 

According to the NSE, the Doorenbos-Pruitt (DP) method was the best performing method at all 

locations except Champaign, where the Priestly-Taylor (PT) method performed best. Five of the 

seven methods performed acceptably at all locations (DP, HG, HS, PT, and TP). Champaign was 

the only location where Jensen-Haise (JH) performed acceptably – a notable result given that it was 

developed in the relatively arid Western U.S. However, it appears that at the two most arid locations 

– Wahpeton (Figure 1-5) and Brunswick (Figure 1-8) – values for July and August are generally 

much closer to the 1:1 line than those for the rest of the growing season, indicating a potentially 

significant seasonal influence on the overall performance of JH at those locations. On the other 

hand, Thornthwaite (TW) only performed acceptably at the two most humid locations – Cedar 

Rapids and Champaign – which is in keeping with expectations given that it was developed based 

on empirical observations in the humid Eastern U.S.   

The best performance at any location was the PT method at Champaign with NSE = 0.906, and the 

worst performance was the JH method at Brunswick with NSE = -2.508. The best performing model 

at each location is indicated in Table 1-11.  

Irmak et al. (2008) determined values for use in the conversion of tall (alfalfa) reference ET to short 

(grass) reference ET and vice-versa at multiple locations and found them to vary considerably by 

location. The slope of the regression line in plot 11 in Figure 1-5 through Figure 1-8 is a growing-

season-averaged value that is analogous to the ratios they developed; these values span a relatively 

large range – from 0.834 at Champaign to 0.677 at Brunswick – indicating general agreement with 

the conclusions of Irmak et al. (2008) for these datasets.  
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Figure 1-5: Comparison of ET methods in Wahpeton, ND.  
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Figure 1-6: Comparison of ET methods in Cedar Rapids, IA.  
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Figure 1-7: Comparison of ET methods in Champaign, IL.  
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Figure 1-8: Comparison of ET methods in Brunswick, NE. 

1.3.2.1.2 Evaluation of Daily ET Estimates by Month 

The NSE values for each comparison at each location are shown in Figure 1-9 through Figure 1-12. 

Notably, despite indications in the daily plots that the performance of Jensen-Haise might be 

influenced by seasonality, its performance was not acceptable in any month at either of the most 

arid locations – namely Wahpeton (Figure 1-9) and Brunswick (Figure 1-12). Also of note is the 

observation that Thornthwaite did perform acceptably in any month at either of the most humid 

locations – Cedar Rapids (Figure 1-10) and Champaign (Figure 1-11) – despite performing 

acceptably overall at these locations. This is a similar behavior to that seen by Hargreaves-Samani 
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at Waseca and indicates that the long-term aggregate method performance of the Thornthwaite 

method may be better than its performance for a particular day or month.  

 

Figure 1-9: NSE by month for the aggregated daily data at Wahpeton, ND, May-October, 2002-2015. 

 

Figure 1-10: NSE by month for the aggregated daily data at Cedar Rapids, IA, May-October, 2002-2015. 

 

Figure 1-11: NSE by month for the aggregated daily data at Champaign, IL, May-October, 2002-2015. 

 

Figure 1-12: NSE by month for the aggregated daily data at Brunswick, NE, May-October, 2002-2015.  
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Figure 1-13: Selected ET method comparisons at all locations.   
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1.3.2.2 Annual ET Comparisons 

Annual (i.e. growing season) average ET estimates for each method at each location are shown in 

Table 1-12. The results demonstrate considerable spatial variability in long-term ET estimates 

across the methods evaluated. Jensen-Haise underpredicted ET at all locations with annual 

estimates ranging from 66% of Penman-Monteith at Brunswick to 97% of Penman-Monteith at 

Champaign. At the other end of the spectrum, Thornthwaite-Pereira overpredicted ET at all 

locations with annual estimates ranging from 108% of Penman-Monteith at Brunswick to 135% of 

Penman-Monteith at Cedar Rapids. Six out of seven methods undepredicted ET at Brunswick, five 

out of seven methods underpredicted ET at Wahpeton and Waseca, and four out of seven methods 

underpredicted ET at Cedar Rapids, while just two out of seven methods underpredicted ET at 

Champaign.  

In general, the difference between the Penman-Monteith ET estimates for tall and short reference 

crops was greater in arid locations than in humid locations, with the lowest ratio of 72% at the most 

arid location (Brunswick) and the highest ratio of 83% at the most humid location (Champaign).  
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1.4 Summary and Conclusions 

Given its proven robustness, estimates from the Penman-Monteith method were used as the basis 

of comparison for all other methods, and under the conditions tested, none of the alternative ET 

methods evaluated here performed outside the reasonable range of expectation based on their input 

data requirements and, in the case of the empirical equations, their geographic origin. On one end 

of the spectrum, Jensen-Haise consistently performed relatively poorly, as might be expected given 

that it was developed based on empirical observations in the Western U.S., which is generally much 

dryer and warmer than the Midwestern U.S.; likewise, Thornthwaite’s poor performance may be 

explained by its origins as it was developed based on empirical observations in the Eastern U.S., 

which is generally more humid than the Midwestern U.S. On the other end of the spectrum, 

Doorenbos-Pruitt and Hargreaves performed relatively well, which is not surprising given their 

relatively high input data requirements.  

Both seasonality and temporal scale were significantly influential on method performance. Several 

methods (notably Jensen-Haise and Thornthwaite-Pereira) performed substantially better during 

certain portions of the growing season, but these trends were not necessarily consistent across all 

locations. In general, aggregated ET predictions appear to increase in accuracy over longer time 

scales, and this was especially true for certain ET methods (notably Thornthwaite and Hargreaves-

Samani) whose ET estimates were not precise enough to be useful even at a monthly time scale.  

In the end, the most notable finding here is not necessarily which models performed well and which 

performed poorly, but by how much their ET estimates differed from those of the Penman-Monteith 

method. Even the most robust method – Doorenbos-Pruitt – deviated from Penman-Monteith by as 

much as 17% on aggregate over the period of record, and other methods commonly deviated by 

20% to 30% or more. In the context of long-term simulations – the timescale of choice for water 

quality modeling – these deviations could amount to significant errors in the overall water balance. 

The next chapter will examine how these differences manifest themselves in the water balance 

when other factors such as reference crop adjustment curves and soil moisture availability come 

into play by using ET estimates from several methods as inputs to a field-scale, one-dimensional 

water balance model.   
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Chapter 2 Evaluation of Actual Evapotranspiration Estimates 

2.1 Introduction 

The previous chapter introduced the concept of evapotranspiration and focused on evaluating the 

relative magnitude of various potential evapotranspiration estimates across multiple locations and 

time scales. This chapter will continue this line of investigation by evaluating the impact of ET on 

various water balance components using disparate evapotranspiration estimates as inputs to a field-

scale, one-dimensional water balance model called DRAINMOD.  

2.1.1 Estimation of Actual Evapotranspiration 

2.1.1.1 Estimation Methods 

Actual evapotranspiration, ETa (also referred to as crop evapotranspiration, ETc) – in contrast to 

reference evapotranspiration (ETr) and potential evapotranspiration (ETp) discussed in the 

previous chapter – is the amount of water that is “actually” removed from a vegetated surface due 

to evaporation and transpiration. While the term is used to indicate measured ET, it can also be 

used to indicate simulated ET where soil water limitations are accounted for either explicitly (i.e. 

within the ET estimation method) or implicitly (i.e. accounted for through a simulated soil water 

balance). Measured ETa is most often derived either from lysimetry or through the eddy-covariance 

technique13, while simulated ETa is most often derived using a water balance model. Typically, the 

primary role of a water balance model in the context of ETa is simply to place limitations on 

potential evapotranspiration estimates that are derived using one of the many available methods – 

some of which were described in the previous chapter. 

2.1.1.2 Conversion of ETr to ETp 

It is important to note that while the outputs from a water balance model may be an estimate of 

ETa, the inputs should usually be ETp, which means that the first step in utilizing any ETr data – for 

example, data derived from the Penman-Monteith equation – is converting ETr to ETp.14 The most 

commonly used method for performing this conversion is the application of so-called crop 

 

13 A discussion on the measurement of actual evapotranspiration is beyond the scope of this work, but a 

comprehensive overview can be found in Jensen et al. (1990). 

14 Some models may have an internal mechanism that might be used for this purpose, such as a set of monthly 

ET coefficients – but the conversion must still be made. As discussed in the previous chapter, the proper 

conversion from ETr to ETp is also scale dependent.  
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coefficient curves, wherein a set of time-variant multipliers (commonly called crop coefficients and 

denoted hereafter as Kc) is applied to each data point of the ETr time series: 

 𝑬𝑻𝒑 =  𝑲𝒄 ∗ 𝑬𝑻𝒓 2-1 

These coefficients can be referenced to an independent variable such as days past planting, days 

past emergence, phenological stage, or cumulative growing degree days (Steele 1996). The simplest 

and most commonly used method is to use linear interpolation to define a curve from three 

coefficient values and four stages of development represented by different lengths of time, as shown 

in Figure 2-1.  

Issues sometimes arise with the use of crop coefficient curves. The most significant issue arises 

because the coefficients are to some extent empirically derived, and as such there is substantial 

variation across different crops and locations. Additionally, the same ETr estimation method must 

be used to derive ETp that were used in the development of the Kc curve (Jensen et al. 1990).  

For the estimation of ETp for corn (Zea mays) and soybeans (Glycine max) in the corn-belt of the 

Midwest United States, one of the most common sets of Kc curves used comes from the FAO 

Irrigation and Drainage Paper No. 56 (Allen et al. 1998), often referred to simply as FAO 56. 

Specifically, the curves most often used in the corn-belt were those developed in Kimberly, Idaho, 

which, in many respects, has a substantially different climate than the corn-belt. For example, 

Kimberly receives approximately 11.2 inches of rain annually and has a mean temperature of 

47.7°F compared with 35.8 inches and 44.8°F in Waseca, Minnesota (US Climate Data 2018). 
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Nonetheless, since Kc curves have not been developed in all places, the Kimberly curves have been 

used far outside the geographic region in which they were developed. 

 

Figure 2-1: Example crop coefficient curve. 

There are some places besides Kimberly for which Kc curves have been developed. One such 

example is in southeastern North Dakota, where at least two alternate sets of Kc curves have been 

developed using three different ETa measurement methods. Stegman et al. (1977) developed Kc 

curves for sugar beets, corn, spring wheat, soybeans, potatoes, and alfalfa. Soil moisture 

measurements were made using a neutron probe every seven days for between three and five years 

to determine ETa, while the Jensen-Haise ET estimation method was used to determine ETr. A 

fourth-order polynomial regression was then fitted to each dataset to develop a set of Kc curves as 

a function of days past emergence (DPE). Subsequently, Steele et al. (1996) developed Kc curves 

for corn using 11 years of non-weighing lysimeter data to determine ETa. Both the Jensen-Haise 

and Penman-Allen ET estimation methods were used to determine ETr, and a fifth-order 

polynomial regression was used to develop functional relationships between Kc and both days past 

planting (DPP) and cumulative growing degree days (CGDD). Since these methods require 

meteorological data to develop Kc curves, a general comparison to the FAO 56 curve is not possible. 

However, a comparison for several years and multiple crops is performed and discussed later in 

this chapter.  
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2.1.2 Generation of Stochastic Weather Data 

Often, one of the most taxing tasks in model parameterization is sourcing high quality weather data. 

There are a number of criteria that can influence the difficulty of this task. For example, if a 

modeling exercise involves performing long-term (e.g., multi-decade) simulations, acquiring 

complete records can be difficult or impossible at a particular location of interest. Adding to this 

difficulty is the fact that some types of weather data – especially rainfall – can vary significantly 

over short distances, so filling in missing data using nearby weather stations is not always feasible 

or defensible. Temporal scale can also be an influential factor, as higher resolution data is, in 

general, less commonly collected (e.g., sub-daily data is often harder to find than daily data; sub-

hourly data is often harder to find than hourly data). As a final example, increasing the spatial scale 

of a modeling exercise can be challenging, since it requires acquiring records from multiple weather 

stations that are complete, coincident in time, and were collected using similar standards and 

equipment (Elliot et al. 1992; Wilks and Wilby 1999; Zhang 2005).  

In cases where parameterizing a model with historical (i.e. observed) weather data is not strictly 

necessary, it is possible instead to use simulated weather data. Stochastic weather generators take 

observed meteorological records and develop statistics from the observed data that are used to 

generate a complete meteorological record of any length. Since daily weather data are by far the 

most common, most weather generators have historically operated at this timescale, and many 

focused on precipitation alone (Wilks and Wilby 1999). Weather generators are distinct from global 

climate models in that they focus on smaller spatial scales and finer temporal scales, they are 

computationally faster, and the outputs aim to have the same statistical (i.e. distributional) 

properties as observed time series at specific locations (Ailliot et al. 2015). A comprehensive 

review of weather generators was performed by Ailliot et al. (2015), which provided an update to 

the much cited review by Wilks and Wilby (1999). 

2.1.2.1 CLIGEN Overview 

One weather generator with a history of use in hydrologic modeling is CLIGEN (Nicks 1989), 

which produces daily estimates of precipitation, temperature, dew point, wind, and solar radiation 

for a specific geographic location (i.e. a point) using monthly statistics derived from a database of 

historical observations. The model has several limitations, including the fact that the daily output 

(except for temperature and dew point) are predicted independently from one another, while in 

reality these weather variables are all highly correlated at the daily timescale. Additionally, 

CLIGEN predictions are based on historical statistics that may not remain constant under a 

changing climate. Therefore, CLIGEN should only be used where long-term (e.g., monthly, annual) 
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patterns and trends with assumed climate stationarity are of interest (Carter et al. 1995; B. Yu 2000; 

Meyer 2011).  

Elliot et al. (1992) evaluated CLIGEN during its infancy as a source of simulated rainfall data for 

use in the DRAINMOD water balance model, and found that further research and development of 

CLIGEN was required to increase confidence in CLIGEN’s predictions at a given location. A later 

version of CLIGEN was incorporated into the USDA’s Water Erosion Prediction Project (WEPP) 

model (USDA 1995: 2). Since that time, CLIGEN has been subject to much evaluation and 

improvement (e.g., USDA 1995; B. Yu 2000; Zhang and Garbrecht 2003; Zhang 2005; Meyer et 

al. 2007), and was recently evaluated for expanding the usability of RUSLE2 (Kinnell 2019).  

2.1.3 ET and Water Balance Modeling 

As discussed in the previous chapter, ET is an important input in hydrologic models at any scale. 

At the field-scale, it could be argued that the importance of using accurate ETp inputs is higher than 

at larger spatial scales (e.g., a watershed), since field-scale modeling falls on the side of the spatial 

scale continuum that necessitates a deterministic approach to parameterization rather than a 

stochastic approach – the latter of which can be used appropriately at larger spatial scales (Seyfried 

and Wilcox 1995). Additionally, field-scale modeling is often used where the partitioning of water 

balance components is of greater interest than in watershed-scale modeling, where a lumped-

parameter approach can be used since the focus is typically more on responses like streamflow than 

on individual processes like infiltration and transpiration.  

2.1.3.1 DRAINMOD Overview 

One model that has been widely used for field-scale hydrologic modeling is DRAINMOD (Skaggs 

1978), which is a physically-based water balance model designed to simulate agricultural drainage 

system performance on a continuous basis using long-term historical weather data. Originally 

developed as a tool to help optimize water management (i.e. drainage and irrigation) systems in 

areas with shallow water table soils, DRAINMOD has been applied, improved, and enhanced over 

the years for a variety of purposes including for evaluating proposed hydrologic criteria for 

wetlands (Skaggs et al. 1994), predicting the impacts of drainage and irrigation design on soil 

salinity in arid regions (Kandil et al. 1995), simulating nitrate-nitrogen (NO3-N) transport and fate 

in drained landscapes (Brevé et al. 1997; Brevé et al. 1998), and modeling the impacts of frozen 

soils and snowmelt on soil drainage and water table conditions in cold climates (Luo et al. 2000). 

The performance of DRAINMOD has been compared to similar models, notably ADAPT (Sands 

et al. 2003) and RZWQM (Thorp et al. 2009), as well as to watershed-scale models applied at the 
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field-scale (Chikhaoui et al. 2010). As it lacks an internal crop-growth algorithm, DRAINMOD has 

been coupled with crop-growth models such as DSSAT (Negm and Youssef 2014) and CERES 

Maize (Singh and Helmers 2008). The key algorithms used in DRAINMOD were also incorporated 

into the SWAT model (Vazquez-Amábile and Engel 2005). Detailed descriptions of 

DRAINMOD’s inputs and outputs can be found in Skaggs (1980) and Workman et al. (1994). 

2.1.3.2 ETp Inputs for DRAINMOD 

One of two methods can be used to provide DRAINMOD the ETp inputs used in its water balance 

calculations. The Thornthwaite method is supported natively and ETp can be calculated internally 

by providing DRAINMOD with daily maximum and minimum air temperature, and latitude. 

Alternatively, a daily ETp time series can be provided. With either method, monthly coefficients 

are available to adjust the ETp values; in practice, these coefficients are typically used either to 

convert ETr to ETp (i.e. in place of Kc) or as calibration parameters.  

Given the inherent uncertainties in predicting ET in general, the importance of the requisite ET 

inputs to DRAINMOD have been underemphasized in the literature. Haan (2000) and Haan and 

Skaggs (2003) performed a robust uncertainty analysis on DRAINMOD input parameters, but 

neither potential evapotranspiration nor any other climatic inputs were evaluated.15 Many studies 

pay little attention to the parameterization of ETp inputs (e.g., Elliot et al. 1992; Kandil et al. 1995; 

Haan and Skaggs 2003), some used the monthly coefficients for model calibration (e.g., Zhao et al. 

2000; Jin and Sands 2003; Sands et al. 2003), while still others failed to mention ETp entirely (e.g., 

Brevé et al. 1997; Brevé et al. 1998). Some studies specified the ETp or ETr method used (e.g., 

Sands et al. 2003; Youssef 2004; Singh et al. 2006; Wang et al. 2006; Salazar et al. 2008; Thorp et 

al. 2009; Youssef et al. 2018), but the ET was typically nothing more than a minor discussion point. 

Just one study – by Luo et al. (2009) – found in this literature search specifically evaluated the 

influence of ETp on DRAINMOD predictions. The authors found that mistakenly supplying ETr to 

DRAINMOD instead of ETp had a significant impact on both predicted crop yield and drainage 

volumes and could therefore significantly influence model calibration.  

2.1.4 Spatial Interpolation of Meteorological Data 

Spatial interpolation is frequently used to generate useful data at locations that fall in the gaps 

between data observed at a finite number of discrete locations. Methods of spatial interpolation are 

 

15 The authors did not specify how ETp was generated or whether any of its components – ETr, Kc, etc. – 

were evaluated as part of the sensitivity analysis and subsequently dismissed.   
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generally divided into two groups: non-geostatistical and geostatistical. The former includes simple 

methods like nearest neighbor (using Theissen and Voronoi polygons) and triangulated irregular 

networks (TIN) as well as some more complex methods like inverse-distance weighting (IDW) and 

splining, while the latter includes all forms of kriging. A comprehensive review of spatial 

interpolation methods was performed by Li and Heap (2008) and will not be performed here.  

Like IDW, kriging assumes that the distance from measurements is correlated with the variation 

between measurements. However, kriging has been found to be superior to IDW for a variety of 

reasons. For example, kriging can provide not just a set of predicted values but also a measure of 

the certainty of those predictions. Additionally, kriging can use a formula or a threshold to restrict 

the number of surrounding points that are used to make a prediction (Zimmerman et al. 1999; Li 

and Heap 2008).  

Kriging is commonly used for spatial interpolation for a variety of applications across the 

environmental sciences, including for meteorological data. Weather data are typically collected at 

discrete locations – airports in particular – and due to a variety of factors including geography, 

human population clustering, and funding limitations, there are often large distances between them.  

Martínez-Cob (1996) and Noshadi and Sepaskhah (2005) evaluated three kriging methods – 

ordinary kriging, cokriging, and residual kriging – for interpolating precipitation and 

evapotranspiration measurements in mountainous regions of Spain and Iran, respectively, and 

found that the best method varied by location and time of year. Zimmerman et al. (1999) compared 

two forms of IDW interpolation to both universal and ordinary kriging and their primary conclusion 

was that both forms of kriging significantly outperformed the IDW methods.   

2.1.5 Objectives 

The previous chapter showed that large differences can exist between ET estimates obtained from 

various estimation methods, and that the magnitude of those differences can be location dependent. 

The objectives of this chapter are to take the results of the previous chapter a step further by 

investigating the impact of those differences on water balance predictions obtained from a one-

dimensional, field-scale water balance model.   
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2.2 Methodology 

The comparison of water balance predictions from DRAINMOD was a multi-step process. First, 

CLIGEN was used to generate complete, continuous, long-term weather records at multiple 

locations across the corn-belt of the Midwestern United States. At each location, ETr calculated 

using the Penman-Monteith method was converted to ETp using a crop coefficient curve.  

Then, three DRAINMOD model simulations were performed at each location: one using Penman-

Monteith ETr as an “uncorrected” ET input time series, a second using Penman-Monteith ETp as a 

“corrected” input time series, and a third using the Thornthwaite method. Model results were 

evaluated to examine the differences between the water balance predictions from these scenarios – 

particularly the components ETa, subsurface drainage yield, and surface runoff. 

Finally, the results were mapped using spatial interpolation and presented for visual comparison, 

and the results at one location – Waseca, MN – were extracted from the dataset in order to examine 

them in greater detail. Each of these steps is described below. 

2.2.1 Defining the Study Area 

The so-called corn-belt of the Midwestern United States (“the Midwest”) is not defined by a strict 

geographic boundary; rather it is a general region where a vast majority of the land is occupied by 

row crop agriculture. The corn-belt intersects perhaps a dozen or more states, 10 of which are 

wholly or partially included in the study area of this analysis – namely North Dakota, South Dakota, 

Minnesota, Wisconsin, Nebraska, Iowa, Illinois, Indiana, Nebraska, and Missouri. The actual 

geographic extent of the corn belt was estimated by combining the Cropland Data Layer (USDA 

2019a) datasets for corn and soybeans planted in 2018 and computing the minimum bounding 

geometry around the areas that consisted of at least 10% corn or soybean agriculture by area. This 

boundary was smoothed, and holes caused by the presence of metropolitan areas and other expanses 

of non-agricultural lands were filled. The resulting boundary shown in Figure 2-2 represents the 

extents that were used in the analysis that follows.  



66 

 

 

Figure 2-2: Study area boundary as defined by the intensity of row crop agriculture in the Midwest 

2.2.2 Weather Generation using CLIGEN 

CLIGEN version 5.3 (USDA ARS 2019) was used to generate 50-year records of weather data at 

559 weather stations across North Dakota, South Dakota, Minnesota, Wisconsin, Nebraska, Iowa, 

Illinois, Indiana, Kansas, and Missouri, as shown in Figure 2-3. After filtering for stations that were 

both within the study area and for which statistics were developed using at least 40 years of 

observed weather data, data from 362 stations were used.  
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Figure 2-3: CLIGEN station locations and filtering criteria 

2.2.3 Development of a Crop Coefficient Curve 

A crop coefficient curve was developed using the values from FAO 56 for Kimberly, Idaho and 

compared with the curves developed by Stegman et al. (1977) and Steele et al. (1996) – hereafter 

referred to as the “Stegman” and “Steele” curves, respectively. Although the FAO 56 coefficients 

were developed for use with a grass reference crop ET method, both Steele and Stegman developed 

curves using the Jensen-Haise ET estimation method for an alfalfa (i.e. tall) reference crop. While 

this may have some bearing on the comparison between the magnitudes of Kc values, its impact on 

timing should be negligible. Additionally, Steele et al. (1996) found that the curves they developed 

using days past planting (DPP) were more accurate than those developed using cumulative growing 
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degree days (CGDD), so the curves used in the comparison were developed using DPP from Steele 

et al. (1996) and days past emergence (DPE) from Stegman et al (1977). Time series were generated 

for a corn-soybean rotation in southeastern North Dakota, assuming planting occurred on May 17th 

and 22nd, emergence on May 27th and June 1st, and harvest on November 18th and September 30th 

for corn and soybeans, respectively.  

Results are shown for two consecutive years (corn in 2009 and soybeans in 2010) in Figure 2-4. 

The Steele and Stegman curves are relatively consistent, with the Stegman curves having 

consistently but marginally higher values. There are two readily apparent inconsistencies between 

the FAO 56 curve developed at Kimberly, Idaho and those specifically developed for southeastern 

North Dakota. First, the Steele and Stegman coefficients for the non-growing season are much 

lower than the FAO 56 coefficients – which could be partially explained given that the FAO 56 

curve was developed for use with ETr for a grass reference crop, while both the Steele and Stegman 

curves were developed using an alfalfa reference crop ETr method (see Chapter 1). Second, the 

lengths of the mid-season growth phases – which were set to 50 and 60 days for corn and soybeans, 

respectively – appear too long. To correct this second discrepancy, FAO 56 curve was adjusted to 

more closely match the Steele and Stegman curves, as shown in Figure 2-4.16  

While this new, modified FAO 56 curve may better reflect average crop growth rates in 

southeastern North Dakota, using it outside of this general geographic area would call into question 

its validity and may result in little if any improvement over using the curve from Kimberly, Idaho. 

In lieu of other studies in which location-specific Kc curves were developed in the corn-belt, data 

from the National Agricultural Statistics Service (USDA 2019b) were used to estimate mean 

planting and harvesting dates for corn and soybeans between 1979 and 2018. A summary of the 

data for all 10 states in the study area is shown in Figure 2-5 and Figure 2-6.  

Once the mean planting and harvesting dates were determined on a state-by-state basis, the study 

area boundary was intersected with the state boundaries, and the centroid of the study area within 

each state was computed. The centroids were then joined with the mean planting and harvest dates 

and used as the reference points in an inverse-distance weighting operation that assigned unique 

planting and harvesting dates to each CLIGEN station, as shown in Figure 2-7 and Figure 2-8. 

Although still both an approximation and a generalization, this method served primarily to smooth 

the transitions of planting and harvesting dates geographically, which helped ensure that the 

 

16 Since it is unclear if the non-growing season values are lower simply due to the use of high-order 

polynomial regressions, those values were left unchanged. 
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continuous nature of the weather data would not be diminished by discrete changes in planting and 

harvesting dates at arbitrary geographic boundaries.  

Finally, these planting and harvest dates were used to shift and scale the modified FAO 56 crop 

coefficient curve into a unique crop coefficient curve for each CLIGEN station. 

 

 

Figure 2-4: Comparison between crop coefficient curves for two crops in Southeastern North Dakota 
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Figure 2-5: Corn planting and harvesting progress by state between 1979 and 2018. 
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Figure 2-6: Soybean planting and harvesting progress by state between 1979 and 2018. 
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Figure 2-7: Estimated mean planting date across the study area between 1979 and 2018. 

 

Figure 2-8: Estimated mean harvest date across the study area between 1979 and 2018. 
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2.2.4 DRAINMOD Model Setup 

The DRAINMOD model files used in this analysis were constructed from the model that Luo et al. 

(2010) calibrated using data from the University of Minnesota Southern Research and Outreach 

Center in Waseca, MN – all parameters and configuration settings are described therein. Apart from 

changing the simulation period to match weather data input time series length (discussed below), 

only one modification was made to the model configuration, and that was to change the monthly 

ET coefficients – a set of adjustment factors that are applied multiplicatively to ETp inputs on a 

monthly basis – which were all reset to one. Although these parameters were used for calibrating 

the model, their net effect of directly adjusting ETp input values was highly undesirable in this 

analysis since the actual impact of ETp parameterization on ETa would be confounded. The 

potential implications of this change to the model are discussed later. 

This same set of configuration files was used at all 362 locations in order to control for variables 

that may not necessarily be representative of conditions at those locations (e.g., soils, drainage). 

While this undoubtedly represents a limitation in the usefulness of the predictions at locations other 

than Waseca, this approach – which is similar to that used by Youssef et al. (2018) – made it 

significantly easier to identify changes in weather inputs as the primary cause of the differences 

between model scenario outputs. Therefore, the only other modifications made to the original 

DRAINMOD model files were to the weather input files, which include rainfall, temperature, and 

potential evapotranspiration (ETp). The simulation was also adjusted to represent a 50-year period 

with a corn-soybean rotation. 

A unique precipitation and temperature input file were generated at each location. Since CLIGEN 

provides statistics for daily rainfall – including total rainfall volume, peak intensity, storm duration, 

and time to peak intensity – daily rainfall was redistributed to hourly rainfall (which is required by 

DRAINMOD) using a method similar to that used by Elliot et al. (1992). This relatively simple 

method assumes that hourly rainfall intensities steadily increase until the peak intensity is reached 

and then steadily decrease until the end of the rainfall event, creating a triangular shaped 

distribution. Temperature data from CLIGEN were used to develop daily minimum and maximum 

temperature input files for DRAINMOD.  

Three model scenarios were created for each of the 362 locations by varying the potential 

evapotranspiration (PET) input file for DRAINMOD. First, the Penman-Monteith ET estimation 

method was used with grass reference crop parameters to develop a daily ETr time series at each 

location using weather data generated from CLIGEN, and the resulting time series was used directly 

to generate a PET input file for the first model scenario (“PM uncorrected”). Then, the modified 
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and scaled crop coefficient curves that were previously created for each location were multiplied 

by the corresponding ETr time series to develop a second PET input file for each location (“PM 

corrected”). Finally, a third PET input file was created for each location using the Thornthwaite ET 

estimation method (“TW”). 

2.2.5 Spatial Interpolation 

In order to develop a continuous dataset from the discrete CLIGEN station locations where 

DRAINMOD simulations were performed  spatial interpolation was conducted for the mean annual 

and mean monthly output datasets for ETa, drainage, and runoff volumes from all 362 locations. 

Among many available options, ordinary kriging was chosen because (a) unlike simple kriging, it 

does not assume a constant mean across the geography of interest, (b) unlike cokriging, it does not 

take into consideration surface elevation – which is not necessary in an area as flat as the corn-belt 

– and is therefore more computational efficient, and (c) it was easy to implement using SAGA via 

the RSAGA package for R (Martínez-Cob 1996; Noshadi and Sepaskhah 2005; R Core Team 2017; 

Brenning et al. 2018; SAGA 2019).  

2.2.6 Statistical Analysis 

Various statistical analyses were performed on the interpolated model-predicted ETa, drainage, and 

runoff at Waseca on a monthly and annual basis using the free, open-source statistical programming 

language R (Ihaka and Gentleman 1996). As in the previous chapter, results were evaluated for 

residual normality using the Shapiro-Wilk W-test (Shapiro and Wilk 1965). The Wilcoxon-Mann-

Whitney (WMW) test (Mann and Whitney 1947) was used to test the differences between model 

scenarios predictions for statistical significance. The WMW test is a robust non-parametric 

alternative to the t-test that does not assume the data are normally distributed (Fay and Proschan 

2010). As suggested by Fagerland and Sandvik (2009), the data were also tested for symmetry and 

variance homogeneity using the Cabilio-Masaro (Cabilio and Masaro 1996) and the Fligner-Killeen 

(Fligner and Killeen 1976) tests, respectively, in order to assess the validity of the WMW test 

results, since it is important that these conditions are met.  
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2.3 Results and Discussion 

2.3.1 Spatial Variation of Scenario Results 

2.3.1.1 Variation in CLIGEN Generated Rainfall 

Rainfall generated by CLIGEN ranged between 40 and 110 cm/yr across the study area, with the 

lowest precipitation amounts in the northwest and the highest in the southeast, as shown in Figure 

2-9. For reference, this rainfall was compared to that acquired from the PRISM dataset for the 

period between 1981 and 2010 (Oregon State University 2017). As shown in Figure 2-10, 

CLIGEN-generated rainfall depths were lower than those from PRISM across nearly the entire 

study area by as much as 20 cm/yr – or about 16%. On average, CLIGEN-generated rainfall was 

9.6% less than PRISM across the study area. The Midwest has seen a trend of increasing 

precipitation throughout the 20th and 21st centuries as documented by Moss (2013), Perica et al. 

(2013) and others, so this difference could be explained by the fact that the CLIGEN stations used 

in this analysis had between 40 and 107 years of weather data (averaging 57 years) and thus 

included older precipitation observations than PRISM.  
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Figure 2-9: CLIGEN-simulated mean annual rainfall depth across the study area (Kinnell 2019) 
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Figure 2-10: CLIGEN-simulated mean annual rainfall depth across the study area compared to PRISM 

 

2.3.1.2 Variation in DRAINMOD Model Outputs 

2.3.1.2.1 Annual Time Scale 

Evapotranspiration 

The annual mean ETa rates predicted by DRAINMOD varied considerably across the study area 

between the three model scenarios, as shown in Figure 2-33, Figure 2-34, and Figure 2-35. The PM 

corrected scenario was used as the basis of comparison for the other two scenarios. 
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A comparison between the PM uncorrected and PM corrected scenarios showed that the 

uncorrected model predicted universally higher annual mean ETa by between 3.1 cm and 25.9 cm, 

or between 8% and 46%, as shown in Figure 2-11 and Figure 2-12. Both absolute and relative 

differences between ETa predictions were lower in the northwest and higher in the southeast.  

The Thornthwaite scenario more closely matched the PM corrected scenario and resulted in 

predicted annual mean ETa between 1.2 cm lower and 3.7 cm higher, or between 3% lower and 7% 

higher, as shown in Figure 2-13 and Figure 2-14. Both absolute and relative differences between 

ETa predictions showed a similar pattern, with the highest deficit (TW < PM) in central and 

southwestern parts of the study area and the highest excess (TW > PM) in the south-central and 

southeastern part of the study area. Average annual water balance predictions within each state of 

the study area are summarized in Figure 2-19. 

Drainage 

The annual mean drainage rates predicted by DRAINMOD also varied considerably across the 

study area between the three model scenarios, as shown in Figure 2-36, Figure 2-37, and Figure 

2-38. As with ET, the PM corrected scenario was used as the basis of comparison for the other two 

scenarios. 

A comparison between the PM uncorrected and PM corrected scenarios showed that the corrected 

model predicted universally higher annual mean drainage by between 2.9 cm and 25.9 cm, or 

between 100% and 50%, as shown in Figure 2-15 and Figure 2-16. Some areas had no predicted 

drainage for the PM uncorrected scenario, and in those areas the relative comparison was 

effectively invalid. Absolute and relative differences between drainage predictions showed 

opposite trends, with higher absolute differences in the southeast and lower absolute differences in 

the northwest (Figure 2-15), and higher relative differences in the southeast and lower relative 

differences in the northwest (Figure 2-16). 

As with ET, annual drainage predictions from the TW scenario more closely matched the PM 

corrected scenario and resulted in predicted annual mean drainage between 3.8 cm lower and 1.2 

cm higher, or between 14% lower and 28% higher, as shown in Figure 2-17 and Figure 2-18. 

Absolute and relative differences between drainage predictions showed a similar pattern, with the 

highest excess (TW > PM corrected) in north-central part of the study area and the highest deficit 

(TW < PM corrected) in the south-central and southeastern part of the study area. Average annual 

water balance predictions within each state of the study area are summarized in Figure 2-19. 



79 

 

 

Figure 2-11: Absolute comparison of DRAINMOD-predicted mean annual ETa (PM uncorrected minus PM corrected) 
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Figure 2-12: Relative comparison of DRAINMOD-predicted mean annual ETa (PM uncorrected divided by PM 

corrected) 
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Figure 2-13: Absolute comparison of DRAINMOD-predicted mean annual ETa (TW minus PM corrected) 
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Figure 2-14: Relative comparison of DRAINMOD-predicted mean annual ETa (TW divided by PM corrected) 
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Figure 2-15: Absolute comparison of DRAINMOD-predicted mean annual drainage (PM uncorrected minus PM 

corrected) 
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Figure 2-16: Relative comparison of DRAINMOD-predicted mean annual drainage (PM uncorrected divided by PM 

corrected) 
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Figure 2-17: Absolute comparison of DRAINMOD-predicted mean annual drainage (TW minus PM corrected) 
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Figure 2-18: Relative comparison of DRAINMOD-predicted mean annual drainage (TW divided by PM corrected)
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Figure 2-19: Average annual water balance results within each state in the study area. 



88 

 

2.3.1.2.2 Monthly Time Scale 

Evapotranspiration 

The monthly mean evapotranspiration rates predicted by DRAINMOD varied considerably among 

the three model scenarios both across the study area and among months, as shown in Figure 2-39, 

Figure 2-40, and Figure 2-41. As before, the PM corrected scenario was used as the basis of 

comparison for the other two scenarios. 

A comparison between the PM uncorrected and PM corrected scenarios showed that the 

uncorrected model predicted generally higher ETa in May, June, September, and October, generally 

lower ETa in July, and generally comparable ETa in August, as shown in Figure 2-20. However, 

spatial variation of ETa within months was quite varied. 

As shown in Figure 2-21, the Thornthwaite scenario more closely matched the PM corrected 

scenario than the PM uncorrected scenario, but the monthly results were not as consistent between 

the TW and PM corrected scenarios as with the annual results. The Thornthwaite scenario predicted 

generally higher ETa in May and June, generally lower ETa in July, and less significant differences 

in August, September, and October. As with the previous comparison, spatial variation within the 

monthly differences was quite varied. 

Drainage 

Similar to the annual model results, drainage predictions showed an inversely proportional response 

to changes in ETa predictions, as shown in Figure 2-42, Figure 2-43, and Figure 2-44. Notably, in 

the comparison between PM uncorrected and PM corrected, the uncorrected model predicted 

significantly lower drainage in May and June; in the comparison between TW and PM corrected, 

while the TW model predicted also predicted lower drainage in May and June, the absolute 

differences were not as significant and spatial variation was greater (Figure 2-22 and Figure 2-23). 
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Figure 2-20: Comparison of DRAINMOD-predicted mean monthly ETa (PM uncorrected minus PM corrected) 

 



90 

 

 

Figure 2-21: Comparison of DRAINMOD-predicted mean monthly ETa (TW minus PM corrected) 
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Figure 2-22: Comparison of DRAINMOD-predicted mean monthly drainage (PM uncorrected minus PM corrected) 



92 

 

 

Figure 2-23: Comparison of DRAINMOD-predicted mean monthly drainage (Thornthwaite minus PM corrected) 
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2.3.2 Scenario Comparison at Waseca, MN 

Since Waseca, MN was not among the locations included in the CLIGEN dataset, monthly and 

annual mean results were extracted from the continuous (i.e. interpolated) results of each model 

scenario at the location of the weather station at the University of Minnesota’s Southwest Research 

and Outreach Center (SROC) at 44° 4' 14.3" N, 93° 31' 35.3" W. A summary of the predicted 

annual water balance for the PM corrected scenario – which was used at the basis of comparison 

for the PM uncorrected and TW scenarios - is shown in Figure 2-24 and Figure 2-25. Monthly and 

annual results shown in Figure 2-25 are averaged over the 50 years of simulation. 

 

Figure 2-24: Annual water balance summary for the PM corrected scenario at Waseca, MN 
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Figure 2-25: Monthly and annual water balance summary for the PM corrected scenario at Waseca, MN. 
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2.3.2.1 Symmetry and Variance Homogeneity 

Prior to testing the statistical significance of differences between model scenario predictions using 

the WMW test, the results were evaluated for normality using the Shapiro-Wilk W-test, for 

symmetry using the Cabilio-Masaro test and for variance homogeneity using the Fligner-Killeen 

test on both an annual and a monthly basis.  

2.3.2.1.1 Normality 

Predictions for just one parameter in one scenario – PM uncorrected runoff predictions17 – did not 

pass the test for normality on an annual basis, as shown in Table 2-1. On a monthly basis, results 

were much more varied (see Appendix C). In the majority of cases, monthly ETa predictions did 

not fail the test for normality; the scenario with the highest failure rate was the TW scenario, whose 

monthly ETa predictions failed the test in five out of 12 months. Monthly drainage predictions 

failed the test for normality in the majority of months for all scenarios, and monthly runoff 

predictions failed the test for normality in all months in all scenarios. These results suggest that for 

drainage and runoff predictions the assumption of normality largely holds at longer time scales but 

breaks down at smaller time scales, while for the most part ETa predictions remain normally 

distributed. 

2.3.2.1.2 Symmetry 

On an annual basis, the null hypothesis of symmetry was not rejected on any of the datasets, as 

shown in Table 2-1, indicating that each set of predictions appears to be symmetrically distributed 

around its mean. For some months and for some parameters, however, predictions did not pass the 

test for symmetry (see Appendix C). Notably, the monthly ETa predictions appeared symmetrically 

distributed in the majority of cases with only a few exceptions (e.g., the TW scenario in January, 

the PM uncorrected scenario in June); monthly drainage predictions failed the test for symmetry in 

multiple cases; and monthly runoff predictions failed the test for symmetry in the majority of cases, 

including in 11 out of 12 months for the TW scenario. These results are very similar to those for 

normality testing, as might be expected given that normality is generally indicative of symmetry – 

although of course the reverse is not necessarily true. There were a few instances where the 

predictions either appeared normal but not symmetrical, or symmetrical but not normal, but in the 

majority of cases these two characteristics were correlated. 

 

17 Since runoff volumes predicted by this model scenario were so small, this was likely due to the small 

sample size of non-zero values 
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2.3.2.1.3 Variance Homogeneity 

Each comparison was tested for homogeneity of variances between scenarios. Two of the 

comparisons (PM uncorrected vs PM corrected drainage, and PM uncorrected vs PM corrected 

runoff) did not pass the test for variance homogeneity on an annual basis. Notably, variances of 

ETa predictions appeared equal in both scenario comparisons. On a monthly basis, prediction 

comparisons failed the test for variance homogeneity in the majority of cases. Interestingly, 

monthly ETa prediction comparisons were more likely to fail the test than for drainage and runoff, 

which may indicate that ETa is more sensitive to changes in ETp parameterization than either 

drainage or runoff. Additionally, the comparisons between PM uncorrected and PM corrected 

scenario predictions were more likely to fail the test than the comparisons between TW and PM 

corrected scenario predictions for all three water balance components, which may simply be 

indicative of a larger difference between model predictions from those scenarios, as was previously 

found to be generally true across the study area. 

2.3.2.2 Comparison of DRAINMOD model outputs for Waseca 

As with previous comparisons, the PM corrected scenario was used as the basis of comparison for 

the other two scenarios. 

A comparison between the PM uncorrected and PM corrected scenarios showed that the 

uncorrected model predicted generally higher annual ETa and (proportionally) lower annual 

drainage, as shown in Figure 2-26 and Figure 2-27. On an annual basis, statistically significant 

differences as indicated by the WMW test were found between predicted ETa, drainage, and runoff. 

On a monthly basis, statistically significant differences were found between model predictions in 

11 out of 12 months for ETa, 11 out of 12 months for drainage, and four out of 12 months for runoff, 

as shown in Figure 2-45, Figure 2-46, and Figure 2-47. Differences were statistically significant 

for all three water balance components between April and June, and in October. 

In contrast, in a comparison between the TW and PM corrected scenarios, no statistically significant 

differences were found between any of the water balance predictions on an annual basis, as shown 

in Figure 2-28 and Figure 2-29. Indeed, both the annual mean ETa and drainage predictions from 

the two scenarios were nearly equivalent. However, on a monthly basis, statistically significant 

differences were found between model predictions in 10 out of 12 months for ETa, seven out of 12 

months for drainage, and no months for runoff, as shown in Figure 2-49, Figure 2-50, and Figure 

2-51. Differences were statistically significant for both ETa and drainage in the months of January, 

February, March, May, June, and September. 
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Figure 2-26: Comparison between PM uncorrected and corrected scenario annual outputs 

 

 

Figure 2-27: Comparison between PM uncorrected and corrected scenario annual outputs (as % of annual rainfall) 
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Figure 2-28: Comparison between TW and PM corrected scenario annual outputs 

 

 

Figure 2-29: Comparison between TW and PM corrected scenario annual outputs (as % of annual rainfall) 

 

2.3.2.3 Comparison to results reported by Luo et al. (2010) 

Luo et al. (2010) used DRAINMOD to evaluate NO3-nitrogen losses from an agricultural field in 

Waseca, MN between 2001 and 2006. The study used monthly and annual observed drainage 

volumes to calibrate the model and, as previously noted, it was this calibrated model that was used 

as the starting point for this analysis. For reference, annual mean precipitation, ETa, drainage, and 
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runoff predictions at Waseca were compared with the results from Luo et al. (2010), as shown in 

Figure 2-30.  

Predicted precipitation, ETa, and runoff depths were all lower than those reported by Luo et al., 

while drainage was higher. Figure 2-31 shows the mean annual predictions reported as a percentage 

of annual precipitation. The relative difference between reported ETa appeared smaller than the 

absolute difference, while the relative difference between reported drainage appeared larger than 

the absolute difference – however, the same trends are observed in both comparisons, with lower 

predicted ETa and higher predicted drainage from the PM corrected scenario than from those 

reported by Luo et al. While an explanation for the difference in precipitation has already been 

discussed in 2.3.1.1, it is important to note that the striking difference in predicted drainage volumes 

– which has a counterintuitive inverse relationship with the difference in precipitation – may be 

partially explained by at least two other factors. First, the resetting of DRAINMOD’s monthly ET 

coefficients to one presumably resulted in lower ETa predictions during those months, since the 

coefficients had been set by Luo et al. to values greater than one for most months. Second, there 

are documented climate variables not evaluated here such as the warming trend observed in 

Minnesota in recent decades (Moss 2013), and increased temperatures also tend to increase ETr 

estimates. 

 

Figure 2-30: Annual mean depths over 50 years for the PM corrected scenario at Waseca, MN compared with Luo et al. 

2010 

 



100 

 

 

Figure 2-31: Annual mean results over 50 years (as % of precip.) for the PM corrected scenario at Waseca, MN 

compared with Luo et al. 2010 

2.3.2.4 Comparison to results reported by Luo et al. (2009) 

Luo et al. (2009) compared the results of two DRAINMOD simulations that were parameterized 

with different ETp inputs for a cotton-wheat-corn rotation in Huaibei, China between 1986 and 

2005 (20 years). The Huaibei Plain lies between latitude 32°15' and 34°35' in Anhui Province, 

China and has a subhumid climate characterized by monsoons, with 60% to 70% of annual rainfall 

concentrated between June and September. The comparison the study made was directly analogous 

to the first of the two comparisons performed in this analysis, in that one scenario used ETr derived 

from the Penman-Monteith ET estimation method (analogous to PM uncorrected), and the second 

scenario used ETp derived by multiplying the ETr by the FAO 56 crop coefficient curve (analogous 

to PM corrected) – although the authors did not specify which of the various crop coefficient curves 

contained in that publication were used. They found that replacing ETr with ETp resulted in 

increased predicted drainage and decreased predicted ETa for all three crops in nearly all years. 

With conventional drainage, the average increase in predicted drainage was 2.4%, 20.4%, and 

10.9% for cotton, wheat, and corn, respectively. By contrast, this analysis found an annual mean 

increase in predicted drainage of 330% (for a corn-soybean rotation). While this number is 

exaggerated since the magnitude of annual mean prediction drainage from the PM uncorrected 

scenario (6.11 cm/yr) was so low compared to that from the PM corrected scenario (20.3 cm/yr), 

the disparity between annual mean predicted drainage differences from this analysis (14.2 cm/yr) 

and those from Luo et al. (2009) (4.4 cm/yr) is still quite large. This likely indicates some significant 

differences in drainage configuration, soil conditions, and/or climate that contributed to decreased 
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sensitivity of predicted drainage to ETp parameterization in Huaibei compared to Waseca. Still, the 

previous work by Luo et al. (2009) shows similar trends to those observed in this analysis. 

2.3.3 Comparison of Crop Coefficient Curves and Thornthwaite Seasonality 

Much of the difference between the corrected Penman-Monteith scenario results and the 

Thornthwaite scenario results can be explained by looking at how Thornthwaite ETa predictions 

(i.e. the DRAINMOD model inputs) compared with the uncorrected Penman-Monteith predictions. 

Figure 2-32 shows mean monthly ETp predictions from the Thornthwaite estimation method 

presented as a fraction of mean monthly ETr predictions from the uncorrected Penman-Monteith 

estimation method. The resulting curve, which itself is analogous to a crop coefficient curve, is 

plotted alongside the modified FAO 56 crop coefficient curves for corn and soybean at the McLeod 

CLIGEN station, which is located in southeastern North Dakota. In comparing Figure 2-32 with 

Figure 2-49, it becomes clear that the months in which ETa predictions from the TW scenario are 

greater than those from the PM corrected scenario – April, May, June, September, and October – 

are the same periods during which the ratio of TW to PM uncorrected ETp predictions is greater 

than the crop coefficients; likewise, the summer month in which ETa predictions from the TW 

scenario are significantly less than those from the PM corrected scenario – July – corresponds to 

the period with the highest crop coefficients.
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Figure 2-32: Ratio of TW to PM uncorrected potential ET compared with FAO 56 crop coefficients at McLeod, ND. 
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2.4 Summary and Conclusions 

2.4.1 Key Findings 

Overall, the results from this analysis confirmed the hypothesis that the choice of ET estimation 

method can significantly influence water balance model performance. Specifically, as noted by Luo 

et al. (2009), predictions can be altered significantly if ET from the Penman-Monteith method are 

not corrected (i.e by converting ETr to ETp) before using them to parameterize a water balance 

model. In this model configuration, which assumed negligible vertical and lateral seepage and 

conditions not conducive to significant surface runoff (e.g., low surface slope, high surface 

roughness), any change in predicted annual drainage volumes was essentially inversely 

proportional to a change in ETa, suggesting that any modeling effort concentrating on drainage 

should take great care in parameterizing ETp inputs. Differences between both ETa and drainage 

predictions from the corrected and uncorrected model scenarios were quite substantial, resulting in 

as much as a 46% increase in predicted ETa and as much as a 100% reduction in predicted drainage 

at some locations. Changes to the water balance of that magnitude may have serious implications 

for water quality modeling, since NO3-N load predictions over any period depend heavily on 

predicted drainage volumes. 

Additionally, the results suggest that, on one hand, in such a constrained system with few non-

negligible water balance components, it may be appropriate to treat ETp as a primary calibration 

parameter to use in matching predicted to observed drainage volumes. On the other hand, this 

analysis does not consider the implications of, for example, non-negligible vertical seepage, which 

could foreseeably render these conclusions invalid given the assumption that seepage may not 

necessarily exhibit the same seasonal variations or sensitivity to climate non-stationarity as ET. 

Furthermore, if the effect of model calibration is to adjust other water balance components to match 

predicted drainage volumes with observed drainage volumes, as is often the case since drainage is 

easier to measure than most other components, then the partitioning among those other components 

may be more important in some circumstances. For example, with respect to water quality 

modeling, NO3-N can be transported via seepage into an aquifer, but NO3-N does not get 

transported into the atmosphere along with water that is evaporated or transpired in the same 

manner (i.e. it may be more likely to remain either in the plant matter or the soil). And since NO3-

N can be hazardous to human health if present above a certain threshold in drinking water sourced 

from groundwater, accurately predicting NO3-N seepage rates could be an important use-case for 

DRAINMOD. Although seepage was not evaluated directly in this analysis, it seems likely from 
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these results that the accuracy of NO3-N seepage predictions would depend greatly on accurate ET 

parameterization, and that the same would also hold true in other water quality use cases. 

Indeed, while the mean annual precipitation reported by Luo et al. (2010) is 8.9 cm higher than that 

predicted by CLIGEN, which could be explained by changes in climate (as discussed previously) 

and could also account for most of the 11.5 cm difference between ETa predictions, the opposite 

trend is observed when examining differences between drainage predictions (i.e. the mean annual 

predicted drainage reported by Luo et al. (2010) is 4.7 cm lower than from the PM corrected 

scenario) which is contrary to what might be expected with increased rainfall. Since Luo et al. 

(2010) reported that they used Penman-Monteith reference ETa with the FAO 56 crop coefficients, 

this discrepancy raises some interesting questions about the impact of using DRAINMOD’s 

monthly ET coefficients in DRAINMOD for calibration. Assuming the system is as constrained as 

it has been modeled to be, with negligible seepage and near-negligible surface runoff, it may be 

that ETa predictions from Luo et al. (2010) are more accurate than those derived in this analysis by 

setting the monthly ET coefficients equal to one. However, since other water balance components 

– notably seepage rates – have not been the subject of study at Waseca, it is perhaps equally likely 

that this shift in excess soil water away from drainage should have been reallocated somewhere 

else.  

Another implication of these findings is that, on an annual basis, parameterizing ETp in 

DRAINMOD using the Thornthwaite ET estimation method could provide similar results to using 

corrected Penman-Monteith ET estimates, and with significantly fewer data requirements and less 

effort. Some regions in the study area had larger differences in the water balance predictions 

between these two methods, notably southern Illinois, southern Indiana, southern Nebraska, and 

central Kansas, but even in those areas the differences were relatively small. On a monthly basis, 

however, the results contradict this conclusion, since comparative ETa predictions varied 

considerably by month. This suggests that the differences between predictions from these 

parameterization approaches may become washed out over longer time scales and that the temporal 

scale of interest would be an important factor to consider in choosing between them. 

Broadly, the interpolated model results at Waseca confirmed the conclusions drawn from the 

spatially distributed model results. The results from the corrected Penman-Monteith scenario and 

the Thornthwaite scenario were quite similar at Waseca on an annual basis – perhaps more-so than 

at many locations across the study area. This suggests that Waseca may be an ideal location for 

using Thornthwaite as a substitute for Penman-Monteith. However, the larger differences between 
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monthly ETa predictions mean that the temporal scale of interest remains an important 

consideration.  

Finally, many of the conclusions of the previous chapter appear to hold up to scrutiny. Most 

notably, while it appears that certain alternative ET estimation methods may work well in place of 

Penman-Monteith in some locations and at some time scales when data availability (or lack thereof) 

dictates, there does not appear to be a clear replacement for this method, which continues to 

outperform other methods with its robustness across both space and time. 

2.4.2 Recommendations for Future Work 

This study demonstrated that the best alternative ET estimation method to Penman-Monteith varies 

by location. Further investigation of these patterns using observed climatic data across the corn belt 

would assist model users across all applications and geographic scales in choosing the best 

alternative ET estimation method given location and limitations on climate data availability. 

Additionally, this study highlighted the difficulty inherent in developing location-specific crop 

coefficient curves. Efforts made in this area of study would help model users develop more accurate 

ETp inputs for models, thus reducing the uncertainty currently present in ETp estimates – even those 

derived using the Penman-Monteith method. 

Although this study attempted to improve our understanding of something that had been, for the 

most part, overlooked in the literature – namely DRAINMOD’s sensitivity to ETp input 

parameterization – it did not succeed in completely removing uncertainty from the process of 

DRAINMOD model development. Perhaps the most significant of the remaining gaps in the 

DRAINMOD literature is related to the maximum effective rooting depth (MERD) parameter. The 

MERD may be quite influential on water balance predictions, including ETa (Talbot et al. 2014), 

and its estimation may be just as involved as ETp, since it is both time variant and representative of 

processes that are exceptionally difficult to measure. A field study examining the phenomena that 

influence the proper parameterization of MERD would help further reduce the large degree of 

uncertainty the still surrounds DRAINMOD model parameterization. 

Finally, while this study focused on field-scale and one-dimensional modeling over relatively long 

temporal scales, further investigation of the sensitivity of different models to ETp parameterization 

at varying spatial and temporal scales would provide greater insight into the relative importance of 

accurate ETp parameterization for different applications. 
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Appendix 1A: Chapter 1 Summary Statistics 

Table 1-4: Normality testing results for the aggregated daily data at Waseca, MN, May-October, 2002-2015. 

 

 

Table 1-5: Linear model coefficients for the aggregated daily data at Waseca, MN, May-October, 2002-2015. 

 

 

Table 1-6: Goodness-of-fit objective function statistics the aggregated daily data at Waseca, MN, May-October, 2002-

2015. 

 

# Method X Method Y P-value h0

1 Penman-Monteith Tall Jensen-Haise 5.18 1.71 0.00 Reject

2 Penman-Monteith Tall Priestly-Taylor 5.34 1.75 0.00 Reject

3 Penman-Monteith Tall Thornthwaite 3.67 1.27 0.00 Reject

4 Penman-Monteith Tall Thornthwaite-Pereira 3.47 1.17 0.00 Reject

5 Penman-Monteith Short Doorenbos-Pruitt 1.27 0.88 0.00 Reject

6 Penman-Monteith Short Hargreaves 3.65 1.36 0.00 Reject

7 Penman-Monteith Short Hargreaves-Samani 2.61 0.65 0.00 Reject

8 Penman-Monteith Short Priestly-Taylor 3.91 1.43 0.00 Reject

9 Penman-Monteith Short Thornthwaite 1.77 0.55 0.00 Reject

10 Penman-Monteith Short Thornthwaite-Pereira 1.13 0.25 0.00 Reject

11 Penman-Monteith Short Penman-Monteith Tall 5.37 -1.76 0.00 Reject

κ* γ

Shapiro-Wilk Test

# Method X Method Y Slope Intercept Rr
2

r2 NSE

5 Penman-Monteith Short Doorenbos-Pruitt 1.13 -0.32 0.98 0.79 0.78

6 Penman-Monteith Short Hargreaves 0.85 0.18 0.89 0.69 0.62

8 Penman-Monteith Short Priestly-Taylor 0.80 0.35 0.85 0.62 0.53

10 Penman-Monteith Short Thornthwaite-Pereira 0.77 1.30 0.83 0.59 0.49

7 Penman-Monteith Short Hargreaves-Samani 0.63 1.33 0.63 0.61 0.39

9 Penman-Monteith Short Thornthwaite 0.56 0.93 -0.22 0.51 -0.11

4 Penman-Monteith Tall Thornthwaite-Pereira 0.47 1.89 -0.89 0.43 -0.39

2 Penman-Monteith Tall Priestly-Taylor 0.46 1.13 -2.71 0.40 -1.08

1 Penman-Monteith Tall Jensen-Haise 0.49 0.56 -3.17 0.49 -1.55

3 Penman-Monteith Tall Thornthwaite 0.34 1.38 -8.83 0.37 -3.23

11 Penman-Monteith Short Penman-Monteith Tall 1.37 -0.19 0.64 0.95 0.61

# Method X Method Y β CD ME β* RCD RME

6 Penman-Monteith Short Hargreaves 0.42 0.98 0.61 0.26 1.20 0.59

8 Penman-Monteith Short Priestly-Taylor 0.42 0.99 0.52 0.27 1.20 0.57

5 Penman-Monteith Short Doorenbos-Pruitt 0.18 1.58 1.23 0.36 1.34 0.53

7 Penman-Monteith Short Hargreaves-Samani 0.14 0.65 0.25 0.10 0.90 0.37

10 Penman-Monteith Short Thornthwaite-Pereira 0.39 0.96 0.46 0.67 1.02 0.34

2 Penman-Monteith Tall Priestly-Taylor 1.71 0.35 -0.38 1.33 0.81 0.14

4 Penman-Monteith Tall Thornthwaite-Pereira 0.89 0.45 -0.17 0.39 0.87 0.13

9 Penman-Monteith Short Thornthwaite 0.78 0.52 -0.06 0.59 0.82 0.05

1 Penman-Monteith Tall Jensen-Haise 2.11 0.28 -0.44 1.79 0.61 -0.23

3 Penman-Monteith Tall Thornthwaite 2.06 0.19 -0.60 1.65 0.46 -0.85

11 Penman-Monteith Short Penman-Monteith Tall 1.28 1.30 0.79 1.06 0.84 0.25
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Table 1-7: Normality testing results for the aggregated monthly data at Waseca, MN, May-October, 2002-2015. 

 

 

Table 1-8: Linear model coefficients for the aggregated monthly data at Waseca, MN, May-October, 2002-2015. 

 

 

Table 1-9: Goodness-of-fit objective function statistics for the monthly data at Waseca, MN, May-October, 2002-2015. 

 

 

# Method X Method Y P-value h0

1 Penman-Monteith Tall Jensen-Haise -0.41 0.56 0.01 Reject

5 Penman-Monteith Short Doorenbos-Pruitt 1.99 1.00 0.00 Reject

6 Penman-Monteith Short Hargreaves -0.70 0.26 0.03 Reject

7 Penman-Monteith Short Hargreaves-Samani 0.26 0.48 0.23 Do not reject

8 Penman-Monteith Short Priestly-Taylor -0.51 0.29 0.02 Reject

9 Penman-Monteith Short Thornthwaite 0.04 0.57 0.02 Reject

10 Penman-Monteith Short Thornthwaite-Pereira -0.85 0.12 0.21 Do not reject

11 Penman-Monteith Short Penman-Monteith Tall -0.12 -0.66 0.01 Reject

γ

Shapiro-Wilk Test

κ*

# Method X Method Y Slope Intercept Rr
2

r
2 NSE

5 Penman-Monteith Short Doorenbos-Pruitt 1.27 -26.80 0.94 0.93 0.88

7 Penman-Monteith Short Hargreaves-Samani 0.99 -2.51 0.98 0.88 0.86

6 Penman-Monteith Short Hargreaves 1.04 -17.84 0.86 0.82 0.71

10 Penman-Monteith Short Thornthwaite-Pereira 1.20 -11.51 0.88 0.80 0.71

8 Penman-Monteith Short Priestly-Taylor 1.16 -31.75 0.87 0.80 0.70

9 Penman-Monteith Short Thornthwaite 0.88 -9.57 0.33 0.72 0.24

1 Penman-Monteith Tall Jensen-Haise 0.68 -13.67 -4.36 0.56 -2.44

11 Penman-Monteith Short Penman-Monteith Tall 1.20 14.74 0.03 0.93 0.02

# Method X Method Y β (mm) CD ME β* RCD RME

7 Penman-Monteith Short Hargreaves-Samani 4.1 1.09 0.94 4.6 1.03 0.60

5 Penman-Monteith Short Doorenbos-Pruitt 5.5 1.69 1.48 14.2 1.16 0.57

6 Penman-Monteith Short Hargreaves 12.7 1.16 0.82 9.7 1.24 0.47

8 Penman-Monteith Short Priestly-Taylor 12.8 1.46 1.02 6.4 1.41 0.41

10 Penman-Monteith Short Thornthwaite-Pereira 11.9 1.59 1.12 19.2 1.12 0.41

9 Penman-Monteith Short Thornthwaite 23.6 0.71 0.17 21.9 0.82 0.13

1 Penman-Monteith Tall Jensen-Haise 63.9 0.25 -0.60 60.1 0.40 -1.39

11 Penman-Monteith Short Penman-Monteith Tall 38.9 0.65 0.02 36.3 0.61 -0.17
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Table 1-10: Summary of annual ET predictions by method for Waseca, MN, May-October, 2002-2015.  

 

 

Table 1-11: Nash-Sutcliffe Efficiency (NSE) by location for each selected method comparison.  

 

 

Table 1-12: Summary of annual mean ET by location for each model comparison. 

μ σ Max Min

PMtr Penman-Monteith Tall Alfalfa reference 948 84 1169 817 100% 133%

PMsr Penman-Monteith Short Grass reference 714 55 859 623 75% 100%

JH Jensen-Haise Alfalfa reference 564 40 649 488 60% 79%

DP Doorenbos-Pruitt Grass reference 747 50 878 665 79% 105%

HG Hargreaves Grass reference 638 38 724 564 67% 89%

HS Hargreaves-Samani Grass reference 690 35 760 630 73% 97%

PT Priestly-Taylor Potential 637 31 694 575 67% 89%

TW Thornthwaite Potential 572 39 629 481 60% 80%

TP Thornthwaite-Pereira Potential 786 52 878 679 83% 110%

μ, mean

σ, standard deviation

% of PM 

Short
Code Method

Annual PET (mm)
Method Type

% of PM 

Tall

Wahpeton Waseca Cedar Rapids Champaign Brunswick

1 PMtr JH -1.433 -1.555 -0.43 0.619 -2.508

5 PMsr DP 0.838* 0.778* 0.854* 0.76 0.799*

6 PMsr HG 0.583 0.616 0.789 0.894 0.216

7 PMsr HS 0.583 0.385 0.446 0.597 0.463

8 PMsr PT 0.442 0.527 0.757 0.906* 0.109

9 PMsr TW -0.149 -0.11 0.322 0.373 -0.182

10 PMsr TP 0.538 0.485 0.139 0.362 0.505

11 PMtr PMsr 0.208 0.219 0.392 0.657 -0.005

YX#

Nash-Sutcliffe Efficiency (NSE) by Location

Wahpeton Waseca Cedar Rapids Champaign Brunswick

- - PMtr 989 948 797 865 1080

1 PMtr JH 723 (73%) 747 (79%) 638 (80%) 841 (97%) 710 (66%)

5 PMsr DP 723 (99%) 747 (105%) 638 (102%) 841 (117%) 710 (91%)

6 PMsr HG 619 (85%) 638 (89%) 587 (93%) 765 (107%) 597 (77%)

7 PMsr HS 724 (100%) 690 (97%) 741 (118%) 804 (112%) 751 (96%)

8 PMsr PT 605 (83%) 637 (89%) 585 (93%) 734 (102%) 605 (78%)

9 PMsr TW 574 (79%) 572 (80%) 615 (98%) 665 (93%) 615 (79%)

10 PMsr TP 824 (113%) 786 (110%) 845 (135%) 905 (126%) 845 (108%)

11 PMtr PMsr 727 (74%) 714 (75%) 628 (79%) 718 (83%) 780 (72%)

Annual Mean ET for Method Y (as % of Method X) by Location

Y# X
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Figure 1-14: Mean bias (in mm) by month for the daily data at Waseca, MN, May-October, 2002-2015. 

 

Figure 1-15: Median bias (in mm) by month for the daily data at Waseca, MN, May-October, 2002-2015. 
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Figure 1-16: Pearson’s correlation coefficient (squared) by month for the aggregated daily data at Waseca, MN, May-October, 2002-2015. 

 

Figure 1-17: NSE by month for the aggregated daily data at Waseca, MN, May-October, 2002-2015. 
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Figure 1-18: RCD by month for the aggregated daily data at Waseca, MN, May-October, 2002-2015. 

 

Figure 1-19:RME by month for the aggregated daily data at Waseca, MN, May-October, 2002-2015. 
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Appendix 1B: Potential ET Calculation 

Programming code (VBA for Microsoft Excel) for calculating ET 

Option Explicit 
 
'Global variables 
Dim ET_method(1 To 11) As Boolean, ET() As Variant 
Dim InputRange As Range, OutputRange2 As Range, OutputRange3 As Range 
Dim pi As Double, n As Long, G As Double, phi As Double, delta_lower As Double 
Dim Date_() As Double, year_() As Double, month_() As Double, day_() As Double, DOY() As Double 
Dim Tmax_F() As Variant, Tmin_F() As Variant, Tmax_K() As Double, Tmin_K() As Double 
Dim MaxRH() As Variant, MinRH() As Variant, Wind() As Variant 
Dim Tmax_C() As Double, Tmin_C() As Double, Tmean_C() As Double, Tdiff_C() As Double 
Dim Tdew_F() As Variant, Tdew_C() As Double, Tdew_K() As Double, dewfillflag As Boolean 
Dim e_s() As Double, e_a() As Double, e_a_flag() As Integer, sigma As Double 
Dim lambda() As Double, delta() As Double, deficit() As Double, radiation_type As String 
Dim Rs() As Variant, Rns() As Double, Rnl() As Double, Rn() As Double, Ra() As Double 
Dim z_m As Double, z_ft As Double, P_kPa As Double, gamma As Double, alpha As Double 
Dim lat_deg As Double, lat_rad As Double, Cn As Double, Cd As Double, Gsc As Double 
Dim HG_fill As Variant, missing_days As Variant, missing_values As Variant 
Dim Abort As Boolean, AllMethods As Boolean, FillMissing As Boolean 
 
'Penman-Monteith variables 
Dim PMRefCropType As String 
 
'Jensen-Haise variables 
Dim CT As Double, C1 As Double, C2 As Double, CH As Double, Tx As Double 
Dim monthlymax As Double, monthlymin As Double, JHdeficit As Double 
 
'Doorenbos-Pruitt variables 
Dim a As Double, b As Double, MeanRH As Double 
 
'Thornthwaite variables 
Dim index As Double, Ni As Double, Li As Double 
Dim a_TW As Double, k_TW As Double, C_TW As Double, T_eff As Double 
__________________________________________________________________________________________________ 
 
Sub ButtonPress() 
 
Abort = False 
 
    Call Inputs 
    If Abort Then Exit Sub 
    Call PET 
    If Abort Then Exit Sub 
    Call Outputs 
 
End Sub 
__________________________________________________________________________________________________ 
 
Sub Inputs() 
 
Dim i As Long, temp1 As Variant, temp2 As Variant 
Dim temp3 As Variant, temp4 As Variant, temp5 As Variant 
 
'Fill the arrays for time-dependent input data, as well as non-time-dependent parameters 
 
Set InputRange = Sheets("Main").Range("A5:H100000") 
FillMissing = Sheets("Main").Range("fillmissing").Value 
missing_values = 0 
 
'Determine number of datapoints 
n = 0 
For i = 1 To 100000 
        If IsEmpty(InputRange(i, 1)) = False Then n = n + 1 
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Next i 
 
If n = 0 Then 
    MsgBox ("No data found!") 
    Exit Sub 
End If 
 
ReDim Date_(1 To n), year_(1 To n), month_(1 To n), day_(1 To n), DOY(1 To n) 
ReDim Tmax_F(1 To n), Tmin_F(1 To n), Tmax_K(1 To n), Tmin_K(1 To n), MaxRH(1 To n), MinRH(1 To n) 
ReDim Tmax_C(1 To n), Tmin_C(1 To n), Tmean_C(1 To n), Tdiff_C(1 To n), Wind(1 To n) 
ReDim Tdew_F(1 To n), Tdew_C(1 To n), Tdew_K(1 To n), e_a_flag(1 To n) 
ReDim lambda(1 To n), delta(1 To n), e_s(1 To n), e_a(1 To n), deficit(1 To n) 
ReDim Rs(1 To n), Rns(1 To n), Rnl(1 To n), Rn(1 To n), Ra(1 To n), GDD(1 To n) 
 
'Data validation 
Call ErrorChecking 
 
If Abort Then Exit Sub 
 
'Fill constant values 
Call Constants 
 
'Fill input arrays 
For i = 1 To n 
    Date_(i) = InputRange(i, 1) 
    Tmax_F(i) = InputRange(i, 2) 
    Tmin_F(i) = InputRange(i, 3) 
     
    'Empty values are allowed for these data in some cases 
    temp1 = InputRange(i, 4) 
    temp2 = InputRange(i, 5) 
    temp3 = InputRange(i, 6) 
    temp4 = InputRange(i, 7) 
    temp5 = InputRange(i, 8) 
     
    If (Not IsNumeric(temp1) Or Not IsNumeric(temp2) Or Not IsNumeric(temp3)) And missing_days = 0 
Then 
        missing_values = missing_values + 1 
    End If 
     
    If IsNumeric(temp1) Then 
        Wind(i) = temp1 
    Else 
        Wind(i) = Empty 
    End If 
    If IsNumeric(temp2) Then 
        'Total solar radiation is provided 
        If radiation_type = "Total Solar Radiation" Then Rs(i) = temp2 
        'Net radiation is provided 
        If radiation_type = "Net Radiation" Then Rn(i) = temp2 
    Else 
        Rs(i) = Empty 
    End If 
    If IsNumeric(temp3) Then 
        Tdew_F(i) = temp3 
    Else 
        Tdew_F(i) = Empty 
    End If 
    If IsNumeric(temp4) Then 
        MaxRH(i) = temp4 
    Else 
        MaxRH(i) = Empty 
    End If 
    If IsNumeric(temp5) Then 
        MinRH(i) = temp5 
    Else 
        MinRH(i) = Empty 
    End If 
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    Call Calculations(i) 
Next i 
 
End Sub 
__________________________________________________________________________________________________ 
 
Sub PET() 
Dim i As Long, j As Long, tempsum As Long 
Dim RefCropType As String 
tempsum = 0 
     
    ET_method(1) = Sheets("Main").Range("PM").Value 'Grass 
    ET_method(2) = ET_method(1)                     'Alfalfa 
    ET_method(3) = Sheets("Main").Range("PT").Value 'Potential 
    ET_method(4) = Sheets("Main").Range("JH").Value 'Alfalfa 
    ET_method(5) = Sheets("Main").Range("HG").Value 'Grass 
    ET_method(6) = Sheets("Main").Range("DP").Value 'Grass 
    ET_method(7) = Sheets("Main").Range("TW").Value 'Potential 
    ET_method(8) = Sheets("main").Range("TP").Value 'Potential 
    ET_method(9) = Sheets("Main").Range("HS").Value 'Grass 
 
    For i = 1 To n 
        If radiation_type = "Net Radiation" And ET_method(4) Then 
            MsgBox ("Solar Radiation is required to perform Jensen-Haise calculations. Action 
canceled.") 
            Abort = True 
            Exit Sub 
        ElseIf radiation_type = "Net Radiation" And ET_method(5) Then 
            MsgBox ("Solar Radiation is required to perform Hargreaves calculations. Action 
canceled.") 
            Abort = True 
            Exit Sub 
        ElseIf radiation_type = "Net Radiation" And ET_method(6) Then 
            MsgBox ("Solar Radiation is required to perform Doorenbos-Pruitt calculations. Action 
canceled.") 
            Abort = True 
            Exit Sub 
        End If 
         
        If i = 1 Then ReDim ET(1 To n, 1 To 12) 
        If ET_method(1) Then ET(i, 1) = Max(PenmanMonteithGrass(i), 0) 
        If ET_method(2) Then ET(i, 2) = Max(PenmanMonteithAlfalfa(i), 0) 
        If ET_method(3) Then ET(i, 3) = Max(PriestlyTaylor(i), 0) 
        If ET_method(4) Then ET(i, 4) = Max(JensenHaise(i), 0) 
        If ET_method(5) Then ET(i, 5) = Max(Hargreaves(i), 0) 
        If ET_method(6) Then ET(i, 6) = Max(DoorenbosPruitt(i), 0) 
        If ET_method(7) Then 
            ET(i, 7) = Max(Thornthwaite(i), 0) 
            'also output Thornthwaite variables for comparison 
            ET(i, 10) = index 
            ET(i, 11) = a_TW 
            If Tmean_C(i) > 26 Then ET(i, 12) = 1 Else ET(i, 12) = 0 
        End If 
        If ET_method(8) Then ET(i, 8) = Max(ThornthwaitePereira(i), 0) 
        If ET_method(9) Then ET(i, 9) = Max(HargreavesSamani(i), 0) 
         
    Next i 
End Sub 
__________________________________________________________________________________________________ 
 
Sub Constants() 
 
'Assign values to constants 
    pi = 4 * Atn(1) 
    'Albedo, assumed constant 
    alpha = 0.23 
    'Stephan-Boltzmann constant, MJ/K^4/m^2/d 
    sigma = 4.901 * (10 ^ (-9)) 
    'Latitude, in radians 
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    lat_deg = Sheets("Main").Range("latitude").Value 
    lat_rad = lat_deg * pi / 180 
    'Elevation, z_m, meters 
    z_ft = Sheets("Main").Range("elevation").Value 
    z_m = z_ft * 0.3048 
    'Atmospheric Pressure, P, kPa 
    P_kPa = 101.3 * ((293 - 0.0065 * z_m) / 293) ^ 5.26 
    'Psychrometric Constant, gamma, kPa/deg C 
        'Note: this is the formula used by ASCE, but below a formula based on lambda is used 
        'gamma = 0.000665 * P_kPa 
    'Solar constant, MJ/m^2/h 
    Gsc = 4.92 
    'Option for entering radiation 
    radiation_type = Sheets("Main").Range("RadType").Value 
     
End Sub 
__________________________________________________________________________________________________ 
 
Sub Calculations(i As Long) 
 
'Variables not to be preserved as outputs 
Dim dr As Double, omega_s As Double 
Dim Rso As Double, fcd As Double, rel_rad As Double, X As Double 
 
'used to avoid a type mismatch since MaxRH & MinRH are variants 
 
dewfillflag = False 
 
'Pass i from a loop within inputs sub 
 
'Processing and converting input data''''''''''''''''''''''''''''' 
    'Convert date values to year, month, day, and DOY (day of year) 
    year_(i) = Year(Date_(i)) 
    month_(i) = Month(Date_(i)) 
    day_(i) = Day(Date_(i)) 
    DOY(i) = day_(i) - 32 + Int(275 * month_(i) / 9) + 2 * Int(3 / (month_(i) + 1)) 
    DOY(i) = DOY(i) + Int(month_(i) / 100 - (year_(i) Mod 4) / 4 + 0.975) 
     
    'Convert temp from F to C 
    Tmax_C(i) = (5 / 9) * (Tmax_F(i) - 32) 
    Tmin_C(i) = (5 / 9) * (Tmin_F(i) - 32) 
    If Tdew_F(i) = Empty Then 
        Tdew_C(i) = (5 / 9) * (Tmin_F(i) - 32) 
        dewfillflag = True 
    Else 
        Tdew_C(i) = (5 / 9) * (Tdew_F(i) - 32) 
    End If 
 
    'Convert wind in miles/day to m/s 
    Wind(i) = Wind(i) * 1609.34 / 86400 
     
    'Convert Solar Radiation from langleys to MJ/m^2/d 
    If radiation_type = "Total Solar Radiation" Then Rs(i) = 0.04184 * Rs(i) 
    If radiation_type = "Net Radiation" Then Rn(i) = 0.04184 * Rn(i) 
     
    'Mean Temperature, deg C 
    Tmean_C(i) = (Tmax_C(i) + Tmin_C(i)) / 2 
    Tdiff_C(i) = Tmax_C(i) - Tmin_C(i) 
     
    'Temp in K 
    Tmax_K(i) = Tmax_C(i) + 273.16 
    Tmin_K(i) = Tmin_C(i) + 273.16 
     
'Psychrometric and Atmospheric Variable Calculations'''''''''''''' 
    'Latent Heat of Vaporization, lambda, MJ/kg 
        'Note: not the ASCE formula 
    lambda(i) = 2.501 - 0.002361 * Tmean_C(i) 
     
    'Psychrometric Constant, gamma, kPa/deg C 
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        'Note: not the ASCE formula 
    gamma = 0.001013 * P_kPa / (0.622 * lambda(i)) 
     
    'Slope of the Saturation Vapor Pressure-Temperature Curve, delta, kPa/deg C 
    delta(i) = 2503 * Exp((17.27 * Tmean_C(i)) / (Tmean_C(i) + 237.3)) / (Tmean_C(i) + 237.3) ^ 2 
     
    'Saturated Vapor Pressure, e_s, kPa 
    e_s(i) = (VapPress(Tmax_C(i)) + VapPress(Tmin_C(i))) / 2 
     
    'Actual Vapor Pressure, e_a, kPa 
    '***First looks for dew point data 
    '***In the case of missing dew point data, estimated using relative humidity data 
    '***In the case of missing humidity data, estimated by assuming Tdew = Tmin 
    If dewfillflag = False Then 
        'use dew point as entered by user 
        e_a(i) = VapPress(Tdew_C(i)) 
        e_a_flag(i) = 1 
    ElseIf (IsEmpty(MaxRH(i)) = False) And (IsEmpty(MinRH(i)) = False) Then 
        'use relative humidity as entered by user 
        e_a(i) = (VapPress(Tmin_C(i)) * MaxRH(i) / 100 + VapPress(Tmax_C(i)) * MinRH(i) / 100) / 2 
        e_a_flag(i) = 2 
    ElseIf (MinRH(i) = Empty) And (IsEmpty(MaxRH(i)) = False) Then 
        'use only maximum relative humidity 
        e_a(i) = VapPress(Tmin_C(i)) * MaxRH(i) / 100 
        e_a_flag(i) = 3 
    ElseIf (MaxRH(i) = Empty) And (IsEmpty(MinRH(i)) = False) Then 
        'use only minimum relative humidity 
        e_a(i) = VapPress(Tmax_C(i)) * MinRH(i) / 100 
        e_a_flag(i) = 4 
    ElseIf (MaxRH(i) = Empty) And (MinRH(i) = Empty) Then 
        'use Tdew = Tmin 
        e_a(i) = 0.6108 * Exp((17.27 * Tmin_C(i)) / (Tmin_C(i) + 237.3)) 
        e_a_flag(i) = 5 
    End If 
     
    'Fill any missing humidity data using calculated e_a 
    If MinRH(i) = Empty Then MinRH(i) = e_a(i) * 100 / VapPress(Tmax_C(i)) 
    If MinRH(i) < 0 Then MinRH(i) = 0 
    If MaxRH(i) = Empty Then MaxRH(i) = e_a(i) * 100 / VapPress(Tmin_C(i)) 
    If MaxRH(i) > 100 Then MaxRH(i) = 100 
     
    'Vapor Pressure Deficit, kPa 
    deficit(i) = e_s(i) - e_a(i) 
    deficit(i) = Max(deficit(i), 0) 
 
'Solar radiation variable calculations'''''''''''''''''''''''''''' 
    'inverse relative distance factor (squared) for the earth-sun 
    dr = 1 + 0.033 * Cos(2 * pi * DOY(i) / 365) '365 is valid even in leap years 
     
    'solar declination, radians 
    delta_lower = 0.409 * Sin(2 * pi * DOY(i) / 365 - 1.39) 
     
    'sunset hour angle, radians 
    phi = lat_rad 
    X = 1 - Tan(phi) ^ 2 * Tan(delta_lower) ^ 2 
    X = Max(X, 0.00001) 
    omega_s = pi / 2 - Atn(-Tan(phi) * Tan(delta_lower) / X ^ 0.5) 
     
    'Extraterrestrial Radiation, Ra, MJ/m^2/d 
    Ra(i) = (24 / pi) * Gsc * dr * (omega_s * Sin(phi) * Sin(delta_lower) + Cos(phi) * 
Cos(delta_lower) * Sin(omega_s)) 
     
    'Clear sky radiation, Rso, MJ/m^2/d 
    Rso = (0.75 + 0.00002 * z_m) * Ra(i) 
 
    'Net Radiation, Rn, MJ/m^2/d 
    If radiation_type = "Total Solar Radiation" Then 
        'Missing values can be filled using the Hargreaves radiation formula 
        If Rs(i) = Empty Or Rs(i) = 0 Then Rs(i) = 0.16 * Sqr(Tmax_C(i) - Tmin_C(i)) * Ra(i) 
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        'Net Solar (or Short-wave) Radiation, MJ/m^2/d 
        Rns(i) = (1 - alpha) * Rs(i) 
         
        'Net Long-wave Radiation, Rnl, MJ/m^2/d 
        rel_rad = Rs(i) / Rso 
        rel_rad = Max(rel_rad, 0.3) 
        rel_rad = Min(rel_rad, 1) 
        fcd = 1.35 * rel_rad - 0.35 
        fcd = Max(fcd, 0.05) 
        fcd = Min(fcd, 1) 
        Rnl(i) = sigma * fcd * (0.34 - 0.14 * Sqr(e_a(i))) * ((Tmax_K(i) ^ 4 + Tmin_K(i) ^ 4) / 2) 
         
        'Net Radiation 
        Rn(i) = Rns(i) - Rnl(i) 
    ElseIf radiation_type = "Net Radiation" Then 'Net Radiation is provided 
    End If 
 
'Soil Heat Flux calculations 
    'For daily timestep, it is assumed that Rn >> G, so: 
    G = 0 
 
''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''''' 
 
End Sub 
__________________________________________________________________________________________________ 
 
Function PenmanMonteithGrass(i As Long) As Double 
    'Penman-Monteith equation for daily reference evapotranspiration 
    'Note that in the ASCE Standardized equation, 1/lambda is approximated as a constant 0.408 
 
    'Reference crop constants for ASCE Standardized PM equation, grass reference crop 
    Cn = 900 
    Cd = 0.34 
     
    PenmanMonteithGrass = (1 / lambda(i)) * delta(i) * (Rn(i) - G) 
    PenmanMonteithGrass = PenmanMonteithGrass + gamma * Cn * Wind(i) * deficit(i) / (Tmean_C(i) + 
273) 
    PenmanMonteithGrass = PenmanMonteithGrass / (delta(i) + gamma * (1 + Cd * Wind(i))) 
End Function 
__________________________________________________________________________________________________ 
 
Function PenmanMonteithAlfalfa(i As Long) As Double 
    'Penman-Monteith equation for daily reference evapotranspiration 
    'Note that in the ASCE Standardized equation, 1/lambda is approximated as a constant 0.408 
 
    'Reference crop constants for ASCE Standardized PM equation, alfalfa reference crop 
    Cn = 1600 
    Cd = 0.38 
     
    PenmanMonteithAlfalfa = (1 / lambda(i)) * delta(i) * (Rn(i) - G) 
    PenmanMonteithAlfalfa = PenmanMonteithAlfalfa + gamma * Cn * Wind(i) * deficit(i) / (Tmean_C(i) 
+ 273) 
    PenmanMonteithAlfalfa = PenmanMonteithAlfalfa / (delta(i) + gamma * (1 + Cd * Wind(i))) 
End Function 
__________________________________________________________________________________________________ 
 
Function PriestlyTaylor(i As Long) As Double 
    'Priestly-Taylor equation for daily potential evapotranspiration under wet conditions 
    PriestlyTaylor = 1.26 * delta(i) * (Rn(i) - G) / (delta(i) + gamma) 
    PriestlyTaylor = PriestlyTaylor * (1 / (lambda(i))) 'converts to mm/day assuming density of 
water = 1000 kg/m^3 
End Function 
__________________________________________________________________________________________________ 
 
Function JensenHaise(i As Long) As Double 
    If i = 1 Then 
        monthlymax = Sheets("Main").Range("JHMaxTemp").Value 
        monthlymax = (5 / 9) * (monthlymax - 32) 'convert F to C 
        monthlymin = Sheets("Main").Range("JHMinTemp").Value 
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        monthlymin = (5 / 9) * (monthlymin - 32) 'convert F to C 
        JHdeficit = VapPress(monthlymax) - VapPress(monthlymin) 
        JHdeficit = Max(JHdeficit, 0) 
    End If 
    'Jensen-Haise equation for daily alfalfa reference evapotranspiration 
    C1 = 38 - (2 * z_m / 305) 
    C2 = 7.3 
    CH = 5 / (JHdeficit) 
    CT = 1 / (C1 + C2 * CH) 
    Tx = -2.5 - 1.4 * (JHdeficit) - z_m / 550 
    JensenHaise = CT * (Tmean_C(i) - Tx) * Rs(i) 
    JensenHaise = JensenHaise * (1 / lambda(i)) 'converts to mm/day 
End Function 
__________________________________________________________________________________________________ 
 
Function Hargreaves(i As Long) As Double 
    'Hargreaves equation for grass reference ET using 
    'daily mean temperature and solar radiation 
    Hargreaves = 0.0135 * Rs(i) / lambda(i) * (Tmean_C(i) + 17.8) 
End Function 
__________________________________________________________________________________________________ 
 
Function DoorenbosPruitt(i As Long) As Double 
    'Doorenbos and Pruitt equation for grass reference ET using 
    'solar radiation and relative humidity 
    a = -0.3 
    MeanRH = (MaxRH(i) + MinRH(i)) / 2 
    b = 1.066 - 0.0013 * MeanRH + 0.045 * Wind(i) - 0.0002 * MeanRH * Wind(i) 
    b = b - 0.0000315 * (MeanRH) ^ 2 - 0.0011 * (Wind(i)) ^ 2 
    DoorenbosPruitt = a + b * (delta(i) * Rs(i) / (lambda(i) * (delta(i) + gamma))) 
End Function 
__________________________________________________________________________________________________ 
 
Function Thornthwaite(i As Long) As Double 
    Dim jan As Double, feb As Double, mar As Double, apr As Double 
    Dim may As Double, jun As Double, jul As Double, aug As Double 
    Dim sep As Double, oct As Double, nov As Double, dec As Double 
    'Thornthwaite equation for daily potential ET using mean daily temperature 
    'the original formulation is used here for comparison with DRAINMOD's computation 
    If i = 1 Then 
        jan = (5 / 9) * (Sheets("Main").Range("TWJan").Value - 32) 
        feb = (5 / 9) * (Sheets("Main").Range("TWFeb").Value - 32) 
        mar = (5 / 9) * (Sheets("Main").Range("TWMar").Value - 32) 
        apr = (5 / 9) * (Sheets("Main").Range("TWApr").Value - 32) 
        may = (5 / 9) * (Sheets("Main").Range("TWMay").Value - 32) 
        jun = (5 / 9) * (Sheets("Main").Range("TWJun").Value - 32) 
        jul = (5 / 9) * (Sheets("Main").Range("TWJul").Value - 32) 
        aug = (5 / 9) * (Sheets("Main").Range("TWAug").Value - 32) 
        sep = (5 / 9) * (Sheets("Main").Range("TWSep").Value - 32) 
        oct = (5 / 9) * (Sheets("Main").Range("TWOct").Value - 32) 
        nov = (5 / 9) * (Sheets("Main").Range("TWNov").Value - 32) 
        dec = (5 / 9) * (Sheets("Main").Range("TWDec").Value - 32) 
     
        index = 0 
        index = (Max(jan, 0) / 5) ^ 1.514 
        index = index + (Max(feb, 0) / 5) ^ 1.514 
        index = index + (Max(mar, 0) / 5) ^ 1.514 
        index = index + (Max(apr, 0) / 5) ^ 1.514 
        index = index + (Max(may, 0) / 5) ^ 1.514 
        index = index + (Max(jun, 0) / 5) ^ 1.514 
        index = index + (Max(jul, 0) / 5) ^ 1.514 
        index = index + (Max(aug, 0) / 5) ^ 1.514 
        index = index + (Max(sep, 0) / 5) ^ 1.514 
        index = index + (Max(oct, 0) / 5) ^ 1.514 
        index = index + (Max(nov, 0) / 5) ^ 1.514 
        index = index + (Max(dec, 0) / 5) ^ 1.514 
     
        a_TW = 0.000000675 * (index) ^ 3 - 0.0000771 * (index) ^ 2 + 0.017912 * index + 0.49239 
    End If 
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    Select Case month_(i): 
        Case 1 
            Ni = 31 
        Case 2 
            Ni = 28 
        Case 3 
            Ni = 31 
        Case 4 
            Ni = 30 
        Case 5 
            Ni = 31 
        Case 6 
            Ni = 30 
        Case 7 
            Ni = 31 
        Case 8 
            Ni = 31 
        Case 9 
            Ni = 30 
        Case 10 
            Ni = 31 
        Case 11 
            Ni = 30 
        Case 12 
            Ni = 31 
    End Select 
     
    Li = 2 * Application.Acos(-Tan(phi) * Tan(delta_lower)) * 12 / pi 
    C_TW = (Li / 12) * (Ni / 30) 
    If Tmean_C(i) > 26 Then 
        Thornthwaite = -415.85 + 32.24 * Tmean_C(i) - 0.43 * (Tmean_C(i)) ^ 2 
        Thornthwaite = Thornthwaite * C_TW / Ni 
    ElseIf Tmean_C(i) > 0 Then 
        Thornthwaite = 16 * (10 * Tmean_C(i) / index) ^ a_TW 
        Thornthwaite = Thornthwaite * C_TW / Ni 
    Else 
        Thornthwaite = 0 
    End If 
     
End Function 
__________________________________________________________________________________________________ 
 
Function ThornthwaitePereira(i As Long) As Double 
    Dim jan As Double, feb As Double, mar As Double, apr As Double 
    Dim may As Double, jun As Double, jul As Double, aug As Double 
    Dim sep As Double, oct As Double, nov As Double, dec As Double 
    'Thornthwaite equation for daily potential ET using mean daily temperature 
    'Modified version as presented in Pereira & Pruitt 2004 
    If i = 1 Then 
        jan = (5 / 9) * (Sheets("Main").Range("TWJan").Value - 32) 
        feb = (5 / 9) * (Sheets("Main").Range("TWFeb").Value - 32) 
        mar = (5 / 9) * (Sheets("Main").Range("TWMar").Value - 32) 
        apr = (5 / 9) * (Sheets("Main").Range("TWApr").Value - 32) 
        may = (5 / 9) * (Sheets("Main").Range("TWMay").Value - 32) 
        jun = (5 / 9) * (Sheets("Main").Range("TWJun").Value - 32) 
        jul = (5 / 9) * (Sheets("Main").Range("TWJul").Value - 32) 
        aug = (5 / 9) * (Sheets("Main").Range("TWAug").Value - 32) 
        sep = (5 / 9) * (Sheets("Main").Range("TWSep").Value - 32) 
        oct = (5 / 9) * (Sheets("Main").Range("TWOct").Value - 32) 
        nov = (5 / 9) * (Sheets("Main").Range("TWNov").Value - 32) 
        dec = (5 / 9) * (Sheets("Main").Range("TWDec").Value - 32) 
     
        index = 0 
        index = (Max(jan, 0) / 5) ^ 1.514 
        index = index + (Max(feb, 0) / 5) ^ 1.514 
        index = index + (Max(mar, 0) / 5) ^ 1.514 
        index = index + (Max(apr, 0) / 5) ^ 1.514 
        index = index + (Max(may, 0) / 5) ^ 1.514 
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        index = index + (Max(jun, 0) / 5) ^ 1.514 
        index = index + (Max(jul, 0) / 5) ^ 1.514 
        index = index + (Max(aug, 0) / 5) ^ 1.514 
        index = index + (Max(sep, 0) / 5) ^ 1.514 
        index = index + (Max(oct, 0) / 5) ^ 1.514 
        index = index + (Max(nov, 0) / 5) ^ 1.514 
        index = index + (Max(dec, 0) / 5) ^ 1.514 
     
        a_TW = 0.000000675 * (index) ^ 3 - 0.0000771 * (index) ^ 2 + 0.017912 * index + 0.49239 
    End If 
     
    Select Case month_(i): 
        Case 1 
            Ni = 31 
        Case 2 
            Ni = 28 
        Case 3 
            Ni = 31 
        Case 4 
            Ni = 30 
        Case 5 
            Ni = 31 
        Case 6 
            Ni = 30 
        Case 7 
            Ni = 31 
        Case 8 
            Ni = 31 
        Case 9 
            Ni = 30 
        Case 10 
            Ni = 31 
        Case 11 
            Ni = 30 
        Case 12 
            Ni = 31 
    End Select 
     
    Li = 2 * Application.Acos(-Tan(phi) * Tan(delta_lower)) * 12 / pi 
    k_TW = 0.72 'value used by Camargo et al. 1999 
    C_TW = (Li / 12) * (Ni / 30) 
    T_eff = 0.5 * k_TW * (3 * Tmax_C(i) - Tmin_C(i)) 
    T_eff = T_eff * Li / (24 - Li) 'correction factor used by Pereira & Pruitt 2004 
    T_eff = Min(Max(T_eff, Tmean_C(i)), Tmax_C(i)) 'Tmean <= Teff <= Tmax 
    If T_eff > 26 Then 
        ThornthwaitePereira = -415.85 + 32.24 * T_eff - 0.43 * (T_eff) ^ 2 
        ThornthwaitePereira = ThornthwaitePereira * C_TW / Ni 
    ElseIf T_eff > 0 Then 
        ThornthwaitePereira = 16 * (10 * T_eff / index) ^ a_TW 
        ThornthwaitePereira = ThornthwaitePereira * C_TW / Ni 
    Else 
        ThornthwaitePereira = 0 
    End If 
     
End Function 
__________________________________________________________________________________________________ 
 
Function HargreavesSamani(i As Long) As Double 
    'Hargreaves-Samani equation for grass reference ET using daily max and min temperature and 
extraterrestrial radiation 
    'i.e. temperature-based method 
    HargreavesSamani = 0.0023 * Ra(i) / lambda(i) * Sqr(Tdiff_C(i)) * (Tmean_C(i) + 17.8) 
End Function 
__________________________________________________________________________________________________ 
 
Sub Outputs() 
 
Dim i As Long, j As Long 
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Set OutputRange2 = Sheets("Outputs").Range("A3:U100000") 
Set OutputRange3 = Sheets("Outputs").Range("V3:AG100000") 
OutputRange2.ClearContents 
OutputRange3.ClearContents 
 
    For i = 1 To n 
        For j = 1 To 9 
            If ET_method(j) Then OutputRange3(i, j) = ET(i, j) 
        Next j 
         
        OutputRange2(i, 1) = Date_(i) 
        OutputRange2(i, 2) = year_(i) 
        OutputRange2(i, 3) = month_(i) 
        OutputRange2(i, 4) = day_(i) 
        OutputRange2(i, 5) = DOY(i) 
        OutputRange2(i, 6) = Tmax_C(i) 
        OutputRange2(i, 7) = Tmin_C(i) 
        OutputRange2(i, 8) = Tmean_C(i) 
        OutputRange2(i, 9) = Wind(i) 
        OutputRange2(i, 10) = Tdew_C(i) 
        OutputRange2(i, 11) = MaxRH(i) 
        OutputRange2(i, 12) = MinRH(i) 
        OutputRange2(i, 13) = lambda(i) 
        OutputRange2(i, 14) = e_s(i) 
        OutputRange2(i, 15) = e_a(i) 
        OutputRange2(i, 16) = e_a_flag(i) 
        OutputRange2(i, 17) = delta(i) 
        OutputRange2(i, 18) = Rs(i) 
        OutputRange2(i, 19) = Rns(i) 
        OutputRange2(i, 20) = Rnl(i) 
        OutputRange2(i, 21) = Rn(i) 
        OutputRange3(i, 10) = ET(i, 10) 
        OutputRange3(i, 11) = ET(i, 11) 
        OutputRange3(i, 12) = ET(i, 12) 
         
Bypass: 
    Next i 
     
If missing_days = 0 Then 
    Sheets("Main").Range("missing").Value = "Data appears to have " & n & " rows of continuous 
temperature data." 
ElseIf missing_days > 0 Then 
    Sheets("Main").Range("missing").Value = missing_days & " out of " & missing_days + n & " days 
are completely missing." 
End If 
     
'If Error > 0 Then MsgBox ("Potential errors were found in the inputs. Please check the Errors sheet 
for details.") 
 
End Sub 
__________________________________________________________________________________________________ 
 
Sub ErrorChecking() 
 
Dim i As Long, j As Long, currentvalue As Variant, nextvalue As Variant, difference As Variant, 
Error As Integer 
Dim temp_lat As Variant, temp_z As Variant, temp_Cn As Variant, temp_Cd As Variant 
 
Sheets("Main").Range("missing").Value = "" 
missing_days = 0 
Error = 1 
Sheets("Errors").Range("A1:B1000").ClearContents 
Sheets("Errors").Cells(Error, 1).Value = "Row #" 
Sheets("Errors").Cells(Error, 2).Value = "Details" 
temp_lat = Sheets("Main").Range("latitude").Value 
temp_z = Sheets("Main").Range("elevation").Value 
     
If temp_lat > 90 Or temp_lat < 0 Or IsNumeric(temp_lat) = False Then 
    MsgBox ("Latitude out of range") 
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    Abort = True 
    Exit Sub 
ElseIf temp_z < 0 Or temp_z > 20000 Or IsNumeric(temp_z) = False Then 
    MsgBox ("Elevation out of range") 
    Abort = True 
    Exit Sub 
ElseIf temp_Cn < 0 Or temp_Cn > 1000 Or IsNumeric(temp_Cn) = False Then 
    MsgBox ("Cn out of range") 
    Abort = True 
    Exit Sub 
ElseIf temp_Cd < 0 Or temp_Cd > 1000 Or IsNumeric(temp_Cd) = False Then 
    MsgBox ("Cd out of range") 
    Abort = True 
    Exit Sub 
End If 
 
For i = 1 To n 
    'Check for missing days 
    j = 1 
        If i < n Then 
            currentvalue = InputRange(i, j).Value 
            nextvalue = InputRange(i + 1, j).Value 
            difference = nextvalue - currentvalue - 1 
            If difference > 0 Then 
                Error = Error + 1 
                missing_days = missing_days + difference 
                Sheets("Errors").Cells(Error, 1).Value = i 
                Sheets("Errors").Cells(Error, 2).Value = difference & " days missing between " & 
InputRange(i, j) & " & " & InputRange(i + 1, j) 
            ElseIf difference < 0 Then 
                MsgBox ("Data is not properly sorted, or duplicate entries present. Operation 
canceled.") 
                Abort = True 
                Exit Sub 
            End If 
        End If 
     
    'Check for erroneous values 
    For j = 2 To 6 
        currentvalue = InputRange(i, j).Value 
         
        If Not IsNumeric(currentvalue) And (j = 2 Or j = 3) Then 
            MsgBox ("Non-numeric datapoint detected in row " & i & ", column " & j & " of the input 
array. Aborting procedure.") 
            Abort = True 
            InputRange(i, j).Select 
            Exit Sub 
        End If 
         
        If Not IsNumeric(currentvalue) And currentvalue <> "" And (j = 4 Or j = 5 Or j = 6) Then 
            MsgBox ("Non-numeric datapoint detected in row " & i & ", column " & j & " of the input 
array. Aborting procedure.") 
            Abort = True 
            InputRange(i, j).Select 
            Exit Sub 
        ElseIf (currentvalue = "" Or currentvalue = Empty) And Not FillMissing And (j = 4 Or j = 5) 
Then 
            Sheets("Errors").Cells(Error, 1).Value = i 
            Sheets("Errors").Cells(Error, 2).Value = "Missing value detected in row " & i & ", 
column " & j & ". ET set to empty." & _ 
            "Selecting to fill missing values may solve this problem." 
            InputRange(i, j).Interior.ColorIndex = 3 
            Error = Error + 1 
            Exit Sub 
        ElseIf (currentvalue = "" Or currentvalue = Empty) And FillMissing And (j = 4 Or j = 5) 
Then 
            Sheets("Errors").Cells(Error, 1).Value = i 
            Sheets("Errors").Cells(Error, 2).Value = "Missing value detected in row " & i & ", 
column " & j & "." 



133 

 

            InputRange(i, j).Interior.ColorIndex = 3 
            Error = Error + 1 
        End If 
         
        If j = 3 And currentvalue > InputRange(i, j - 1).Value Then 
            MsgBox ("Minimum temperature greater than maximum temperature in row " & i & " of the 
input array." & "Aborting procedure.") 
            Abort = True 
            InputRange(i, j).Select 
        End If 
         
        If j = 3 And currentvalue = InputRange(i, j - 1).Value Then 
            Error = Error + 1 
            Sheets("Errors").Cells(Error, 1).Value = i 
            Sheets("Errors").Cells(Error, 2).Value = "Input daily maximum and minimum temperatures 
are equal. Check for valid data." 
            InputRange(i, j).Interior.ColorIndex = 3 
        End If 
    Next j 
Next i 
 
End Sub 
__________________________________________________________________________________________________ 
 
Public Function VapPress(T As Double) As Double 
 
VapPress = 0.6108 * Exp(17.27 * T / (T + 237.3)) 
 
End Function 
__________________________________________________________________________________________________ 
 
Function Max(value1 As Double, value2 As Double) As Double 
    If value1 > value2 Then 
        Max = value1 
    Else 
        Max = value2 
    End If 
End Function 
__________________________________________________________________________________________________ 
 
Function Min(value1 As Double, value2 As Double) As Double 
    If value1 < value2 Then 
        Min = value1 
    Else 
        Min = value2 
    End If 
End Function 
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Programming code (R) for statistical analysis 

#### Process the ET data and compute statistics 
#define function for the total sum of squares, explained sum of squares and residual (unexplained) 
sum of squares 
 
plots.wd <- c("~/Plots/") 
 
sst <- function(x, y) {sum((y-mean(y))^2)} 
sse <- function(x, y) {sum((x-mean(y))^2)} 
ssr <- function(x, y) {sum((x-y)^2)} 
 
#define function for the coefficient of determination 
cd <- function(x, y) {sum((y-mean(y))^2) / sum((x-mean(y))^2)} 
 
#define function for the modeling efficiency 
me <- function(x, y) {(sum((y-mean(y))^2)-sum((y-x)^2)) / sum((x-mean(y))^2)} 
 
#define function for the robust coefficient of determination 
rcd <- function(x, y) {median(abs(y-median(y)) / abs(x-median(y)))} 
 
#define function for the robust modeling efficiency 
rme <- function(x, y) {(median(abs(y-median(y))) - median(abs(y-x))) / median(abs(y-median(y)))} 
 
#analyze daily residuals for Waseca# 
 
#define each ET model as grass, alfalfa, or potential ET 
#then convert alfalfa models to grass and vice-versa 
 
df.all <- df.outputs[,c("date", "location", 
                        "ASCE.PM.Grass", "ASCE.PM.Alfalfa",  
                        "Priestly.Taylor", 
                        "Jensen.Haise", "Jensen.Haise.to.Grass", 
                        "Hargreaves", "Hargreaves.to.Alfalfa",  
                        "Doorenbos.Pruitt", "Doorenbos.Pruitt.to.Alfalfa", 
                        "Thornthwaite",  
                        "Thornthwaite.Pereira",  
                        "Hargreaves.Samani", "Hargreaves.Samani.to.Alfalfa")] 
 
df.all.long <- melt(df.all, id.vars=c("date", "location")) 
names(df.all.long) <- c("date", "location", "model", "et.mm") 
df.all.long$et.mm <- as.numeric(df.all.long$et.mm) 
 
models <- data.frame(model = names(df.all)[c(3:6,8,10,12:14)]) 
 
models$type <- c("Grass", "Alfalfa", "Potential", "Alfalfa", 
                 "Grass", "Grass", "Potential", "Potential", "Grass") 
models$name <- c("Penman-Monteith Grass", "Penman-Monteith Alfalfa", "Priestly-Taylor", 
                 "Jensen-Haise", "Hargreaves", "Doorenbos-Pruitt", "Thornthwaite", 
                 "Thornthwaite-Pereira", "Hargreaves-Samani") 
models$name2 <- c("PM Short", "PM Tall", "Priestly-Taylor",  
                  "Jensen-Haise", "Hargreaves", "Doorenbos-Pruitt", "Thornthwaite", 
                  "Thornthwaite-Pereira", "Hargreaves-Samani") 
models[] <- lapply(models, as.character) 
 
models[10,] <- c("Hargreaves.to.Alfalfa", "Alfalfa", NA, "Hargreaves (converted)") 
models[11,] <- c("Doorenbos.Pruitt.to.Alfalfa", "Alfalfa", NA, "Doorenbos-Pruitt (converted)") 
models[12,] <- c("Hargreaves.Samani.to.Alfalfa", "Alfalfa", NA, "Hargreaves-Samani (converted)") 
models[13,] <- c("Jensen.Haise.to.Grass", "Grass", NA, "Jensen-Haise (converted)") 
 
df.all.long <- merge(df.all.long, models, by="model") 
df.all.long <- na.omit(df.all.long) 
df.all.long$model <- as.character(df.all.long$model) 
df.all.long <- df.all.long[order(df.all.long$location, df.all.long$model, df.all.long$date),] 
row.names(df.all.long) <- c(1:nrow(df.all.long)) 
 
setwd("~/Untransformed") 
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#long version 
models.x <- c("ASCE.PM.Alfalfa", "ASCE.PM.Alfalfa", 
              "ASCE.PM.Alfalfa", "ASCE.PM.Alfalfa", 
              "ASCE.PM.Grass", "ASCE.PM.Grass",  
              "ASCE.PM.Grass", "ASCE.PM.Grass",  
              "ASCE.PM.Grass", "ASCE.PM.Grass", 
              "ASCE.PM.Grass") 
 
models.y <- c("Jensen.Haise", "Priestly.Taylor", 
              "Thornthwaite","Thornthwaite.Pereira", 
              "Doorenbos.Pruitt", "Hargreaves",  
              "Hargreaves.Samani", "Priestly.Taylor", 
              "Thornthwaite","Thornthwaite.Pereira", 
              "ASCE.PM.Alfalfa") 
 
scenarios <- c(1:length(models.x)) 
 
l.residuals <- list() 
l.correlation <- list() 
l.correlation.year <- list() 
 
#melt data into long form 
df.waseca <- df.outputs[,c("date", "location", 
                           "ASCE.PM.Grass", "ASCE.PM.Alfalfa",  
                           "Priestly.Taylor", 
                           "Jensen.Haise", "Jensen.Haise.to.Grass", 
                           "Hargreaves", "Hargreaves.to.Alfalfa",  
                           "Doorenbos.Pruitt", "Doorenbos.Pruitt.to.Alfalfa", 
                           "Thornthwaite",  
                           "Thornthwaite.Pereira",  
                           "Hargreaves.Samani", "Hargreaves.Samani.to.Alfalfa")] 
 
df.waseca <- subset(df.waseca, location=="Waseca, MN") 
df.waseca <- df.waseca[,-2] 
 
models <- data.frame(model = names(df.waseca)[c(2:5,7,9,11:13)]) 
 
models$type <- c("Grass", "Alfalfa", "Potential", "Alfalfa", 
                 "Grass", "Grass", "Potential", "Potential", "Grass") 
models$name <- c("Penman-Monteith Grass", "Penman-Monteith Alfalfa", "Priestly-Taylor", 
                 "Jensen-Haise", "Hargreaves", "Doorenbos-Pruitt", "Thornthwaite", 
                 "Thornthwaite-Pereira", "Hargreaves-Samani") 
models$name2 <- c("PM Short", "PM Tall", "Priestly-Taylor",  
                  "Jensen-Haise", "Hargreaves", "Doorenbos-Pruitt", "Thornthwaite", 
                  "Thornthwaite-Pereira", "Hargreaves-Samani") 
models[] <- lapply(models, as.character) 
 
df.waseca.long <- melt(df.waseca, id.vars="date") 
names(df.waseca.long) <- c("date", "model", "et.mm") 
df.waseca.long$et.mm <- as.numeric(df.waseca.long$et.mm) 
df.waseca.long <- merge(df.waseca.long, models, by="model", all=F) 
df.waseca.long <- na.omit(df.waseca.long) 
df.waseca.long$model <- as.character(df.waseca.long$model) 
df.waseca.long <- df.waseca.long[order(df.waseca.long$model, df.waseca.long$date),] 
row.names(df.waseca.long) <- c(1:nrow(df.waseca.long)) 
 
years <- sort(unique(year(df.waseca.long$date))) 
 
for (i in 1:length(models.x)){ 
  scenario <- scenarios[i] 
  df.x <- subset(df.waseca.long, model==models.x[i]) 
  df.y <- subset(df.waseca.long, model==models.y[i]) 
  name.x <- models$name[models$model==models.x[i]] 
  name.y <- models$name[models$model==models.y[i]] 
  model.x <- df.x$model 
  model.y <- df.y$model 
  et.x <- df.x$et.mm 
  et.y <- df.y$et.mm 
  residuals <- (et.x - et.y) 
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  date <- df.x$date 
  l.residuals[[i]] <- data.frame(scenario, 
                                 model.x,  
                                 model.y,  
                                 date, 
                                 yday = yday(date), 
                                 et.x, 
                                 et.y, 
                                 residuals) 
} 
 
df.residuals <- ldply(l.residuals, data.frame) 
 
df.residuals.summary <- ddply(df.residuals, .(scenario, model.x, model.y), summarise, 
                              n = length(residuals), 
                              kurtosis = kurtosis(residuals)-3, 
                              skewness = skewness(residuals), 
                              sw.stat = shapiro.test(residuals)$statistic, 
                              sw.pval = shapiro.test(residuals)$p.value, 
                              sw.meth = shapiro.test(residuals)$method, 
                              sw.name = shapiro.test(residuals)$data.name, 
                              m = summary(lm(et.y~et.x))$coefficients[2], 
                              b = summary(lm(et.y~et.x))$coefficients[1], 
                              r.sq = summary(lm(et.y~et.x))$r.squared, 
                              nse = NSE(et.x, et.y), 
                              cd = cd(et.x, et.y), 
                              me = me(et.x, et.y), 
                              rcd = rcd(et.x, et.y), 
                              rme = rme(et.x, et.y), 
                              sst = sst(et.x, et.y), 
                              sse = sse(et.x, et.y), 
                              ssr = ssr(et.x, et.y), 
                              sst.r = sst(et.x, m*et.x+b), 
                              sse.r = sse(et.x, m*et.x+b), 
                              ssr.r = ssr(et.x, m*et.x+b), 
                              sst.r.alt = sum(et.x^2)-sum(et.x)^2/n, 
                              max = max(abs(et.x - et.y)), 
                              rmse = sqrt(mean((et.x - et.y)^2)), 
                              bias = abs(mean(et.x) - mean(et.y)), 
                              bias.star = abs(median(et.x)-median(et.y)), 
                              see = sqrt(ssr/n-1)) 
 
write.table(df.residuals.summary, "daily.residuals.csv", sep=",", row.names=F, col.names=T) 
 
print(df.residuals.summary) 



137 

 

Appendix 2A: Chapter 2 Summary Statistics 

Table 2-1: Annual statistics for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-2: Annual statistics for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

PM uncorrected 0.33 Do not reject 0.38 Do not reject

PM corrected 0.39 Do not reject 0.29 Do not reject

Thornthwaite 0.18 Do not reject 0.30 Do not reject

PM uncorrected 0.17 Do not reject 0.29 Do not reject

PM corrected 0.48 Do not reject 0.50 Do not reject

Thornthwaite 0.15 Do not reject 0.43 Do not reject

PM uncorrected 0.00 Reject 0.07 Do not reject

PM corrected 0.43 Do not reject 0.78 Do not reject

Thornthwaite 0.25 Do not reject 0.29 Do not reject

Drainage

Runoff

Shapiro-Wilk Test Cabilio-Masaro Test

ET

Annual

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.24 Do not reject 0.00 Reject

Thornthwaite PM corrected 0.41 Do not reject 0.51 Do not reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.61 Do not reject 0.25 Do not reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.58 Do not reject 0.78 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

ET

DrainageAnnual

Runoff
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Table 2-3: Monthly statistics January for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-4: Monthly statistics January for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

PM uncorrected 0.42 Do not reject 0.23 Do not reject

PM corrected 0.72 Do not reject 0.30 Do not reject

Thornthwaite 0.01 Reject 0.01 Reject

PM uncorrected 0.00 Reject 0.00 Reject

PM corrected 0.01 Reject 0.04 Reject

Thornthwaite 0.02 Reject 0.26 Do not reject

PM uncorrected 0.00 Reject 0.21 Do not reject

PM corrected 0.00 Reject 0.16 Do not reject

Thornthwaite 0.00 Reject 0.13 Do not reject

Shapiro-Wilk Test Cabilio-Masaro Test

ET

Drainage

Runoff

Jan

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.00 Reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.30 Do not reject 0.03 Reject

PM uncorrected PM corrected 0.09 Do not reject 0.58 Do not reject

Thornthwaite PM corrected 0.84 Do not reject 0.99 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

ET

DrainageJan

Runoff
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Table 2-5: Monthly statistics February for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-6: Monthly statistics February for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

PM uncorrected 0.16 Do not reject 0.85 Do not reject

PM corrected 0.41 Do not reject 0.58 Do not reject

Thornthwaite 0.01 Reject 0.21 Do not reject

PM uncorrected 0.00 Reject 0.04 Reject

PM corrected 0.00 Reject 0.15 Do not reject

Thornthwaite 0.01 Reject 0.45 Do not reject

PM uncorrected 0.00 Reject 0.17 Do not reject

PM corrected 0.00 Reject 0.01 Reject

Thornthwaite 0.00 Reject 0.01 Reject

Feb

ET

Drainage

Runoff

Shapiro-Wilk Test Cabilio-Masaro Test

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.17 Do not reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.24 Do not reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.08 Do not reject

Thornthwaite PM corrected 0.77 Do not reject 0.95 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Feb

ET

Drainage

Runoff



140 

 

Table 2-7: Monthly statistics March for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-8: Monthly statistics March for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

PM uncorrected 0.54 Do not reject 0.18 Do not reject

PM corrected 0.24 Do not reject 0.51 Do not reject

Thornthwaite 0.26 Do not reject 0.45 Do not reject

PM uncorrected 0.01 Reject 0.14 Do not reject

PM corrected 0.42 Do not reject 0.96 Do not reject

Thornthwaite 0.23 Do not reject 0.45 Do not reject

PM uncorrected 0.00 Reject 0.03 Reject

PM corrected 0.00 Reject 0.04 Reject

Thornthwaite 0.00 Reject 0.01 Reject

Shapiro-Wilk Test Cabilio-Masaro Test

Mar

ET

Drainage

Runoff

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.00 Reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.70 Do not reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.09 Do not reject

Thornthwaite PM corrected 0.34 Do not reject 0.69 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Mar

ET

Drainage

Runoff
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Table 2-9: Monthly statistics April for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-10: Monthly statistics April for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.93 Do not reject 0.45 Do not reject

Penman-Monteith (corrected) 0.04 Reject 0.72 Do not reject

Thornthwaite 0.83 Do not reject 0.44 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.24 Do not reject

Penman-Monteith (corrected) 0.05 Reject 0.02 Reject

Thornthwaite 0.02 Reject 0.01 Reject

Penman-Monteith (uncorrected) 0.00 Reject 0.00 Reject

Penman-Monteith (corrected) 0.00 Reject 0.00 Reject

Thornthwaite 0.00 Reject 0.00 Reject

Apr

ET

Drainage

Runoff

Cabilio-Masaro TestShapiro-Wilk Test

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.01 Reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.98 Do not reject 0.86 Do not reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.88 Do not reject 0.82 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Apr

ET

Drainage

Runoff
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Table 2-11: Monthly statistics May for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-12: Monthly statistics May for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.86 Do not reject 0.72 Do not reject

Penman-Monteith (corrected) 0.38 Do not reject 0.59 Do not reject

Thornthwaite 0.83 Do not reject 0.40 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.14 Do not reject

Penman-Monteith (corrected) 0.10 Do not reject 0.24 Do not reject

Thornthwaite 0.03 Reject 0.15 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.00 Reject

Penman-Monteith (corrected) 0.00 Reject 0.00 Reject

Thornthwaite 0.00 Reject 0.00 Reject

Shapiro-Wilk Test Cabilio-Masaro Test

May

ET

Drainage

Runoff

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.00 Reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.11 Do not reject 0.01 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.35 Do not reject 0.27 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

May

ET

Drainage

Runoff
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Table 2-13: Monthly statistics June for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-14: Monthly statistics June for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.30 Do not reject 0.02 Reject

Penman-Monteith (corrected) 0.01 Reject 0.05 Do not reject

Thornthwaite 0.42 Do not reject 0.78 Do not reject

Penman-Monteith (uncorrected) 0.21 Do not reject 0.34 Do not reject

Penman-Monteith (corrected) 0.16 Do not reject 0.18 Do not reject

Thornthwaite 0.11 Do not reject 0.20 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.01 Reject

Penman-Monteith (corrected) 0.00 Reject 0.02 Reject

Thornthwaite 0.00 Reject 0.07 Do not reject

Jun

ET

Drainage

Runoff

Cabilio-Masaro TestShapiro-Wilk Test

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.00 Reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.01 Reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.07 Do not reject 0.07 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Jun

ET

Drainage

Runoff
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Table 2-15: Monthly statistics July for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-16: Monthly statistics July for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.48 Do not reject 0.46 Do not reject

Penman-Monteith (corrected) 0.09 Do not reject 0.10 Do not reject

Thornthwaite 0.13 Do not reject 0.39 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.01 Reject

Penman-Monteith (corrected) 0.11 Do not reject 0.16 Do not reject

Thornthwaite 0.02 Reject 0.00 Reject

Penman-Monteith (uncorrected) 0.00 Reject 0.00 Reject

Penman-Monteith (corrected) 0.00 Reject 0.00 Reject

Thornthwaite 0.00 Reject 0.01 Reject

Shapiro-Wilk Test Cabilio-Masaro Test

Jul

ET

Drainage

Runoff

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.83 Do not reject 0.03 Reject

Thornthwaite PM corrected 0.08 Do not reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.57 Do not reject 0.73 Do not reject

PM uncorrected PM corrected 0.09 Do not reject 0.11 Do not reject

Thornthwaite PM corrected 0.46 Do not reject 0.79 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Jul

ET

Drainage

Runoff
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Table 2-17: Monthly statistics August for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-18: Monthly statistics August for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.26 Do not reject 0.43 Do not reject

Penman-Monteith (corrected) 0.27 Do not reject 0.85 Do not reject

Thornthwaite 0.46 Do not reject 0.62 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.01 Reject

Penman-Monteith (corrected) 0.00 Reject 0.25 Do not reject

Thornthwaite 0.00 Reject 0.00 Reject

Penman-Monteith (uncorrected) 0.00 Reject 0.00 Reject

Penman-Monteith (corrected) 0.00 Reject 0.00 Reject

Thornthwaite 0.00 Reject 0.00 Reject

Aug

ET

Drainage

Runoff

Cabilio-Masaro TestShapiro-Wilk Test

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.85 Do not reject 0.48 Do not reject

Thornthwaite PM corrected 0.00 Reject 0.13 Do not reject

PM uncorrected PM corrected 0.77 Do not reject 0.73 Do not reject

Thornthwaite PM corrected 0.00 Reject 0.00 Reject

PM uncorrected PM corrected 0.81 Do not reject 0.87 Do not reject

Thornthwaite PM corrected 0.01 Reject 0.12 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Aug

ET

Drainage

Runoff
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Table 2-19: Monthly statistics September for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-20: Monthly statistics September for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.86 Do not reject 0.75 Do not reject

Penman-Monteith (corrected) 0.21 Do not reject 0.46 Do not reject

Thornthwaite 0.05 Reject 0.06 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.00 Reject

Penman-Monteith (corrected) 0.00 Reject 0.00 Reject

Thornthwaite 0.00 Reject 0.01 Reject

Penman-Monteith (uncorrected) 0.00 Reject 0.00 Reject

Penman-Monteith (corrected) 0.00 Reject 0.00 Reject

Thornthwaite 0.00 Reject 0.01 Reject

Shapiro-Wilk Test Cabilio-Masaro Test

Sep

ET

Drainage

Runoff

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.03 Reject 0.00 Reject

Thornthwaite PM corrected 0.27 Do not reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.17 Do not reject 0.02 Reject

PM uncorrected PM corrected 0.03 Reject 0.37 Do not reject

Thornthwaite PM corrected 0.13 Do not reject 0.44 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Sep

ET

Drainage

Runoff
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Table 2-21: Monthly statistics October for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-22: Monthly statistics October for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.00 Reject 0.64 Do not reject

Penman-Monteith (corrected) 0.00 Reject 0.48 Do not reject

Thornthwaite 0.02 Reject 0.28 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.08 Do not reject

Penman-Monteith (corrected) 0.00 Reject 0.64 Do not reject

Thornthwaite 0.00 Reject 0.26 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.30 Do not reject

Penman-Monteith (corrected) 0.00 Reject 0.01 Reject

Thornthwaite 0.00 Reject 0.00 Reject

Oct

ET

Drainage

Runoff

Cabilio-Masaro TestShapiro-Wilk Test

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.01 Reject

Thornthwaite PM corrected 0.00 Reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.12 Do not reject 0.27 Do not reject

PM uncorrected PM corrected 0.00 Reject 0.04 Reject

Thornthwaite PM corrected 0.28 Do not reject 0.78 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Oct

ET

Drainage

Runoff
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Table 2-23: Monthly statistics November for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-24: Monthly statistics November for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.11 Do not reject 0.79 Do not reject

Penman-Monteith (corrected) 0.37 Do not reject 0.28 Do not reject

Thornthwaite 0.26 Do not reject 0.54 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.18 Do not reject

Penman-Monteith (corrected) 0.06 Do not reject 0.11 Do not reject

Thornthwaite 0.02 Reject 0.21 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.10 Do not reject

Penman-Monteith (corrected) 0.00 Reject 0.00 Reject

Thornthwaite 0.00 Reject 0.02 Reject

Nov

ET

Drainage

Runoff

Shapiro-Wilk Test Cabilio-Masaro Test

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.40 Do not reject 0.15 Do not reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.43 Do not reject 0.16 Do not reject

PM uncorrected PM corrected 0.00 Reject 0.12 Do not reject

Thornthwaite PM corrected 0.28 Do not reject 0.63 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Nov

ET

Drainage

Runoff
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Table 2-25: Monthly statistics December for the Shapiro-Wilk and Cabilio-Masaro tests for interpolated results at Waseca. 

 

 

Table 2-26: Monthly statistics December for the Fligner-Killeen and Wilcoxon-Mann-Whitney tests for comparisons of interpolated results at Waseca. 

 

 

Period Parameter PET Method P-value h0 P-value h0

Penman-Monteith (uncorrected) 0.24 Do not reject 0.10 Do not reject

Penman-Monteith (corrected) 0.69 Do not reject 0.59 Do not reject

Thornthwaite 0.00 Reject 0.20 Do not reject

Penman-Monteith (uncorrected) 0.05 Reject 0.03 Reject

Penman-Monteith (corrected) 0.79 Do not reject 0.92 Do not reject

Thornthwaite 0.79 Do not reject 0.82 Do not reject

Penman-Monteith (uncorrected) 0.00 Reject 0.07 Do not reject

Penman-Monteith (corrected) 0.00 Reject 0.01 Reject

Thornthwaite 0.00 Reject 0.03 Reject

Dec

ET

Drainage

Runoff

Shapiro-Wilk Test Cabilio-Masaro Test

Period Parameter Method X Method Y P-value h0 P-value h0

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.04 Reject 0.00 Reject

PM uncorrected PM corrected 0.00 Reject 0.00 Reject

Thornthwaite PM corrected 0.51 Do not reject 0.62 Do not reject

PM uncorrected PM corrected 0.19 Do not reject 0.48 Do not reject

Thornthwaite PM corrected 0.77 Do not reject 0.56 Do not reject

Wilcoxon-Mann-Whitney TestFligner-Killeen Test

Dec

ET

Drainage

Runoff
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Appendix 2B: Maps of Kriged Study Area Results 

 

Figure 2-33: DRAINMOD-predicted mean annual ET from the uncorrected Penman-Monteith scenario 
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Figure 2-34: DRAINMOD-predicted mean annual ETa from the corrected Penman-Monteith scenario 
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Figure 2-35: DRAINMOD-predicted mean annual ETa from the Thornthwaite scenario 
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Figure 2-36: DRAINMOD-predicted mean annual drainage from the PM uncorrected scenario 
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Figure 2-37: DRAINMOD-predicted mean annual drainage from the PM corrected scenario 
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Figure 2-38: DRAINMOD-predicted mean annual drainage from the TW scenario 
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Figure 2-39: DRAINMOD-predicted mean monthly ETa from the PM uncorrected scenario 
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Figure 2-40: DRAINMOD-predicted mean monthly ETa from the PM corrected model scenario 
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Figure 2-41: DRAINMOD-predicted mean monthly ETa from the Thornthwaite model scenario 
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Figure 2-42: DRAINMOD-predicted mean monthly drainage from the PM uncorrected scenario 

 



160 

 

 

Figure 2-43: DRAINMOD-predicted mean monthly drainage from the PM corrected scenario 
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Figure 2-44: DRAINMOD-predicted mean monthly drainage from the Thornthwaite scenario 
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Appendix 2C: Plots of Interpolated Water Balance Predictions at Waseca 

 

Figure 2-45: Comparison of monthly and annual ET depths between the PM uncorrected and PM corrected scenarios at Waseca, MN. Statistically significant differences are 

indicated. 
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Figure 2-46: Comparison of monthly and annual drainage depths between the PM uncorrected and PM corrected scenarios at Waseca, MN. Statistically significant differences are 

indicated. 
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Figure 2-47: Comparison of monthly and annual runoff depths between the PM uncorrected and PM corrected scenarios at Waseca, MN. Statistically significant differences are 

indicated. 
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Figure 2-48: Comparison of monthly drainage as % of annual drainage between the PM uncorrected and PM corrected scenarios at Waseca, MN. Statistically significant differences 

are indicated.. 
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Figure 2-49: Comparison of monthly and annual ETa depths between the TW and PM corrected scenarios at Waseca, MN. Statistically significant differences are indicated. 
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Figure 2-50: Comparison of monthly and annual drainage depths between the TW and PM corrected scenarios at Waseca, MN. Statistically significant differences are indicated. 
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Figure 2-51: Comparison of monthly and annual runoff depths between the TW and PM corrected scenarios at Waseca, MN. Statistically significant differences are indicated. 
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Figure 2-52: Comparison of monthly drainage as % of annual drainage between the TW and PM corrected scenarios at Waseca, MN. Statistically significant differences are 

indicated. 
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Appendix 2D: DRAINMOD Parameterization and Batch Simulation 

Programming code (R) for generating stochastic weather data with CLIGEN 

###Generate climate data with CLIGEN 
####Dependencies 
library(stringr) 
library(dplyr) 
library(ggplot2) 
library(lubridate) 
library(RPostgreSQL) 
library(RSAGA) 
library(sp) 
library(raster) 
library(reshape2) 
library(EnvStats) 
library(lawstat) 
 
####Prepare argument for CLIGEN command line utility 
#CLIGEN help---- 
#CLIGEN V-5.30000 - Climate Generator w/ QC-SNDG 
#    Usage: 
#     cligen -S<state number> -s<station ID number> 
#            -i<input file name> -o<output file name> 
#            -b<beginning year> -y<duration in years> 
#            -f (old WEPS record format) 
#            -F (overwrite output file if it exists) 
#            -H (omit header output) -r<random seed> 
#            -t<Sim Type (WEPP: 4=SglStm, 5=Contin)> 
#            -I0 <no interpolation (default)> 
#            -I1 <linear interpolation> 
#            -I2 <Fourier interpolation> 
#            -I3 <interpolation to preserve avgs> 
#            -v, -V<verbose> -h, -?, -\\? <help> 
#            -O <option 6 -- observed data filename> 
# Make sure there are no spaces between each flag 
# and its parameter. 
# If command line options are omitted, CLIGEN will 
# interactively request the required information. 
 
#directory containing all .par files in state folders 
sta.wd <- "~/CLIGEN/stations" 
 
#directory to write output files (with .cli extension)  
cli.wd <- "~/CLIGEN/outputs"  
 
#build input file name 
station.file <- str_c(str_c(sta.wd, state, station, sep="/")) 
i <- str_c("-i", station.file) 
o <- str_c("-o", str_replace(station.file, ".par", ".cli")) 
o <- str_replace(o, "stations", "outputs") 
o <- str_replace(o, str_c(state, "/"), "") 
 
#define beginning year and duration 
b <- str_c("-b", begin.year) 
y <- str_c("-y", duration) 
 
#define output file and simulation type 
t <- str_c("-t", type) 
 
#build argument 
if(overwrite){ 
  argument <- str_c(exe, i, o, b, y, t, "-F", sep=" ") 
} else { 
  argument <- str_c(exe, i, o, b, y, t, sep=" ") 
} 
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#run CLIGEN 
system(argument, intern=F, ignore.stdout=F, ignore.stderr=F) 
__________________________________________________________________________________________________ 
 
####Run CLIGEN for all locations in a set of states 
git.wd <- "~/Git/" 
 
exe <- "C:\\CLIGEN\\cligenv53\\cligen53.exe" 
begin.year <- 1969 
duration <- 50 
type <- 5 #use 5 for multi-year simulation as WEPP output 
overwrite <- TRUE #use TRUE or FALSE 
states <- c("nd", "sd", "mn", "wi", "ia", "il", "in", "mo", "ks", "ne") #must be two characters and 
lower case 
 
for (state in states){ 
   
  stations <- list.files(str_c(sta.wd, state, sep="/"), pattern=".par$") 
   
  for (station in stations){ 
    #run CLIGEN 
    setwd(git.wd) 
    source("RCLIGEN.R") 
  } 
} 
__________________________________________________________________________________________________ 
 
####Read, process, and compile CLIGEN outputs 
cli.wd <- "~/CLIGEN/outputs" #directory to write output files (with .cli extension) 
cligen.files <- list.files(cli.wd, pattern=".cli$", full.names=F) 
cligen.paths <- list.files(cli.wd, pattern=".cli$", full.names=T) 
 
#subset by geographic extent and record length 
station.sub <- readRDS("~/PlantingHarvest_byCLIGENStation_byCrop.rds") 
station.sub$file.name <- str_c(station.sub$location, ".cli") 
cligen.paths <- cligen.paths[cligen.files %in% station.sub$file.name] 
cligen.files <- cligen.files[cligen.files %in% station.sub$file.name] 
cligen.data <- list() 
 
print("0% complete") 
for (s in 1:length(cligen.files)){ 
  cligen.data[[s]] <- read.fwf(cligen.paths[s], widths=c(3,3,5,6,6,5,7,6,6,5,5,6,6),  
                               skip=15, stringsAsFactors=F, header=F) 
  cligen.data[[s]] <- na.omit(cligen.data[[s]]) 
  names(cligen.data[[s]]) <- c("mday", "month", "year",  
                               "prcp.mm", "dur.h", "pktime.fxn",  
                               "pkint.fxn", "tmax.c", "tmin.c",  
                               "rad.l.d", "w.vl.m.s", "w.dir.deg",  
                               "tdew.c") 
  cligen.data[[s]]$station <- str_replace(cligen.files[[s]], ".cli", "") 
  print(str_c(round((s)/length(cligen.files),3)*100, "% complete")) 
} 
 
cligen.data <- do.call(rbind, cligen.data) 
cligen.data$station <- factor(cligen.data$station) 
cligen.data$state <- toupper(str_sub(cligen.data$station, 1,2)) 
 
cligen.check <- cligen.data %>% 
  group_by(year, station, state) %>% 
  summarize(prcp.cm=sum(prcp.mm)/10) 
 
#print( 
#  ggplot(data=cligen.check, aes(x=year, y=prcp.cm, fill=station)) + 
#    geom_boxplot() + 
#    facet_wrap(~state, scale="free_y") 
#) 
 
#select best stations by visual inspection 
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#station.sub <- c("Ia130213", "Il118740", "Mn219046", "Nd322859", "Ne256395") 
#cligen.data <- subset(cligen.data, station %in% station.sub) 
#cligen.data$station <- factor(cligen.data$station, levels=station.sub) 
 
setwd(cli.wd) 
saveRDS(cligen.data, file="CLIGEN_Daily_Data.rds") 
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Programming code (R) for generating DRAINMOD input files 

###Prepare DrainMod input files 
####Rainfall 
#####Process CLIGEN outputs into hourly rainfall time series 
#use precip depth (prcp.mm), duration (dur.h), time to peak (pktime.fxn), and peak intensity 
(pkint.fxn) 
#to distribute daily rainfall starting at midnight using a triangular distribution 
#peak intensity is given as a fraction of average intensity 
 
cli.wd <- "~/CLIGEN/outputs" #directory to write output files (with .cli extension) 
setwd(cli.wd) 
cligen.data <- readRDS("CLIGEN_Daily_Data.rds") 
 
print("0% complete") 
counter <- 0 
for (s in unique(cligen.data$station)){ 
  data.list <- list() 
   
  #subset data 
  data <- subset(cligen.data, station==s) 
   
  #create yday 
  data$yday <- yday(ISOdate(data$year, data$month, data$mday)) 
   
  #create hourly time series 
  min.date <- min(ISOdate(data$year, data$month, data$mday, 0, 0, 0)) 
  max.date <- max(ISOdate(data$year, data$month, data$mday, 0, 0, 0)) 
  dates <- seq(from=as.Date(min.date), to=as.Date(max.date), by=1) 
  hours <- rep(c(0:23), length(dates)) 
  dates <- rep(dates, 24) 
  dates <- sort(dates) 
  time.series <- data.frame(date=dates, hour=hours) 
  time.series$year <- year(time.series$date) 
  time.series$yday <- yday(time.series$date) 
  time.series$station <- s 
  time.series <- time.series[,c("station", "year", "yday", "hour")] 
   
  #calculate average intensity 
  data$avgint.mm.hr <- data$prcp.mm/data$dur.h 
  data$avgint.mm.hr[is.na(data$avgint.mm.hr)] <- 0 
   
  #calculate time to peak intensity 
  data$pktime.hr <- data$pktime.fxn * data$dur.h 
   
  #calculate peak intensity 
  data$pkint.mm <- data$pkint.fxn * data$prcp.mm 
   
  #extract rainfall only 
  rain.daily <- data[,c("station", "year", "yday", "prcp.mm", "dur.h", "pktime.fxn", "pkint.fxn", 
"avgint.mm.hr", "pktime.hr", "pkint.mm")] 
   
  #merge with hourly time series 
  rain.hourly <- merge(rain.daily, time.series, by=c("station", "year", "yday"), all=T) 
   
  #distribute rainfall using a custom hourly distribution that is designed to retain half of the 
peak intensity 
  rain.hourly$prcp.mm.hr <- 0 
   
  #calculate remainder of duration left during each hour 
  rain.hourly$dur.rem <- rain.hourly$dur.h - rain.hourly$hour 
  rain.hourly$dur.rem[rain.hourly$dur.rem > 1] <- 1 
  rain.hourly$dur.rem[rain.hourly$dur.rem < 0] <- 0 
   
  #temporarily set hour to the middle of the rainfall window 
  rain.hourly$hour <- rain.hourly$hour + 0.5 
   
  #set criteria for peak time 
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  s1 <- round(rain.hourly$pktime.hr, 0) + 0.5 == rain.hourly$hour 
   
  #set criteria for storm duration 
  s2 <- rain.hourly$dur.h <= 1 
   
  #set criteria for peak intensity 
  s3 <- rain.hourly$pkint.mm >= rain.hourly$prcp.mm 
   
  #set criteria for timing 
  s4 <- rain.hourly$hour <= rain.hourly$dur.h 
   
  #case 1: storm duration <= 1 hour 
  rain.hourly$prcp.mm.hr[s1 & s2] <- rain.hourly$prcp.mm[s1 & s2] 
   
  #case 2: storm duration <= 1 hour, peak intensity < total rainfall 
  #rain.hourly$prcp.mm.hr[s1 & s2 & !s3] <- rain.hourly$pkint.mm[s1 & s2 & !s3] 
   
  #case 2: storm duration > 1 hour, peak intensity >= total rainfall 
  rain.hourly$prcp.mm.hr[s1 & !s2 & s3] <- rain.hourly$prcp.mm[s1 & !s2 & s3] / 2 
  rain.hourly$prcp.mm.hr[!s1 & !s2 & s3 & s4] <- rain.hourly$prcp.mm[!s1 & !s2 & s3 & s4] / 2 / 
floor(rain.hourly$dur.h[!s1 & !s2 & s3 & s4]) 
   
  #case 3: storm duration > 1 hour, peak intensity < total rainfall 
  rain.hourly$prcp.mm.hr[s1 & !s2 & !s3] <- rain.hourly$pkint.mm[s1 & !s2 & !s3] / 2 
  rain.hourly$prcp.mm.hr[!s1 & !s2 & !s3 & s4] <- (rain.hourly$prcp.mm[!s1 & !s2 & !s3 & s4] - 
rain.hourly$pkint.mm[!s1 & !s2 & !s3 & s4] / 2) 
  rain.hourly$prcp.mm.hr[!s1 & !s2 & !s3 & s4] <- rain.hourly$prcp.mm.hr[!s1 & !s2 & !s3 & s4] / 
floor(rain.hourly$dur.h[!s1 & !s2 & !s3 & s4]) 
   
  #correct the fraction of rainfall in each window using the remaining duration 
  rain.hourly$prcp.mm.hr[!s1 & !s2] <- rain.hourly$prcp.mm.hr[!s1 & !s2] * rain.hourly$dur.rem[!s1 
& !s2] 
   
  #rescale rainfall totals to be consistent with daily totals 
  factor <- rain.hourly %>% 
    group_by(station, year, yday) %>% 
    summarize(hourly.mm = sum(prcp.mm.hr)) 
   
  factor <- merge(rain.daily, factor, by=c("station", "year", "yday")) 
  factor$factor <- factor$prcp.mm / factor$hourly.mm 
  factor <- factor[,c("station", "year", "yday", "factor", "hourly.mm")] 
   
  factor$factor[is.na(factor$factor)] <- 0 
   
  rain.hourly <- merge(rain.hourly, factor, by=c("station", "year", "yday"), all=T) 
   
  rain.hourly$prcp.mm.hr <- rain.hourly$prcp.mm.hr * rain.hourly$factor 
   
  rain.hourly$hour <- rain.hourly$hour - 0.5 
   
  #check for consistency 
  #print(sum(rain.hourly$prcp.mm.hr)) 
  #print(sum(rain.daily$prcp.mm)) 
  #print(sum(rain.hourly$prcp.mm.hr) == sum(rain.daily$prcp.mm)) 
   
  #check visually 
  #plot(subset(rain.hourly, year==1980 & yday %in% c(175:185))$prcp.mm.hr, type="b") 
  #plot(subset(rain.hourly, year==1990 & yday %in% c(200:250))$prcp.mm.hr, type="b") 
   
  data.list[[s]] <- rain.hourly 
   
  counter <- counter + 1 
  print(str_c(100*round(counter/length(unique(cligen.data$station)),3), "% complete")) 
   
  #dump data to free up memory 
  saveRDS(data.list[[s]], str_c("~/CLIGEN/outputs/hourly_rainfall/", s, ".rds")) 
} 
__________________________________________________________________________________________________ 
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#####Generate hourly RAI files for DRAINMOD 
#Creates an RAI input file (hourly) for each station using 
#CLIGEN-generated hourly rainfall data 
txt.wd <- "~/DRAINMOD/Weather/TXT" 
wea.wd <- "~/DRAINMOD/Weather/WEA" 
rai.wd <- "~/DRAINMOD/Weather/RAI" 
tem.wd <- "~/DRAINMOD/Weather/TEM" 
pet.wd <- "~/DRAINMOD/Weather/PET" 
log.wd <- "~/DRAINMOD/Weather/LOG" 
 
cli.wd <- "~/CLIGEN/outputs" 
setwd(cli.wd) 
cligen.data <- readRDS("CLIGEN_Daily_Data.rds") 
 
locations <- str_sub(list.files(str_c(cli.wd, "/hourly_rainfall")), 1, -5) 
 
exe <- "C:\\DRAINMOD\\DMWEA.exe" 
 
for (l in 1:length(locations)){ 
  loc <- locations[l] 
   
  data <- readRDS(str_c(cli.wd, "/hourly_rainfall/", loc, ".rds")) 
  data$yday.hour <- data$yday + data$hour/24 
  data <- data[order(data$year, data$yday.hour),] 
   
  file.name <- str_c(loc, "Rain.wea", sep="_") 
  file.path <- str_c(txt.wd, file.name, sep="/") 
  file.path <- gsub("/", "\\\\", file.path) 
  file.path <- str_c('"', file.path, '"', sep="") 
   
  station <- str_c("00000", 1) 
   
  argument <- str_c(exe, file.path, "HR", "MM", 1, sep=" ") 
  rai <- data[,c("year", "yday.hour", "prcp.mm.hr")] 
   
  setwd(txt.wd) 
  write.table(rai, file.name, row.names=F, col.names=F, sep="\t") 
   
  #run DrainMod weather utility to create .rai files 
  system(argument, intern=F, ignore.stdout=F, ignore.stderr=F) 
   
  #copy .wea files to WEA directory 
  from <- str_c(txt.wd, file.name, sep="/") 
  to <- str_c(wea.wd, file.name, sep="/") 
  file.copy(from, to, overwrite=T) 
  file.remove(from) 
   
  #copy .rai files to RAI directory 
  from <- gsub(".wea", ".RAI", str_c(txt.wd, file.name, sep="/")) 
  to <- gsub(".wea", ".RAI", str_c(rai.wd, file.name, sep="/")) 
  file.copy(from, to, overwrite=T) 
  file.remove(from) 
   
  #copy .log files to LOG directory 
  from <- gsub(".wea", ".LOG", str_c(txt.wd, file.name, sep="/")) 
  to <- gsub(".wea", ".LOG", str_c(log.wd, file.name, sep="/")) 
  file.copy(from, to, overwrite=T) 
  file.remove(from) 
} 
__________________________________________________________________________________________________ 
 
####Temperature 
#####Generate daily TEM files for DRAINMOD 
txt.wd <- "~/DRAINMOD/Weather/TXT" 
wea.wd <- "~/DRAINMOD/Weather/WEA" 
rai.wd <- "~/DRAINMOD/Weather/RAI" 
tem.wd <- "~/DRAINMOD/Weather/TEM" 
pet.wd <- "~/DRAINMOD/Weather/PET" 
log.wd <- "~/DRAINMOD/Weather/LOG" 
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cli.wd <- "~/CLIGEN/outputs" 
setwd(cli.wd) 
tem.data <- readRDS("CLIGEN_Daily_Data.rds")[,c("station", "year", "month", "mday", "tmax.c", 
"tmin.c")] 
tem.data$yday <- yday(ISOdate(tem.data$year, tem.data$month, tem.data$mday)) 
tem.data <- tem.data[,c("station", "year", "yday", "tmax.c", "tmin.c")] 
names(tem.data)[1] <- "location" 
locations <- unique(tem.data$location) 
 
setwd(txt.wd) 
 
exe <- "C:\\DRAINMOD\\DMWEA.exe" 
 
for (l in 1:length(locations)){ 
  location <- locations[l] 
   
  file.name <- str_c(location, "_Temp.wea") 
  file.path <- str_c(txt.wd, file.name, sep="/") 
  file.path <- gsub("/", "\\\\", file.path) 
  file.path <- str_c('"', file.path, '"', sep="") 
   
  station <- str_c("00000", 1) 
   
  argument <- str_c(exe, file.path, "TP", "DC", station, sep=" ") 
  temp <- subset(tem.data, location==locations[l])[,c("year", "yday", "tmax.c", "tmin.c")] 
  temp$tmax.c <- round(temp$tmax.c, 2) 
  temp$tmin.c <- round(temp$tmin.c, 2) 
  write.table(temp, str_c(txt.wd, file.name, sep="/"), row.names=F, col.names=F, sep="\t") 
   
  #run DrainMod weather utility to create .tem files 
  system(argument, intern=F, ignore.stdout=F, ignore.stderr=F) 
   
  #copy .wea files to WEA directory 
  from <- str_c(txt.wd, file.name, sep="/") 
  to <- str_c(wea.wd, file.name, sep="/") 
  file.copy(from, to, overwrite=T) 
  file.remove(from) 
   
  #copy .tem files to TEM directory 
  from <- gsub(".wea", ".TEM", str_c(txt.wd, file.name, sep="/")) 
  to <- gsub(".wea", ".TEM", str_c(tem.wd, file.name, sep="/")) 
  file.copy(from, to, overwrite=T) 
  file.remove(from) 
   
  #copy .log files to LOG directory 
  from <- gsub(".wea", ".LOG", str_c(txt.wd, file.name, sep="/")) 
  to <- gsub(".wea", ".LOG", str_c(log.wd, file.name, sep="/")) 
  file.copy(from, to, overwrite=T) 
  file.remove(from) 
} 
__________________________________________________________________________________________________ 
 
####Potential Evapotranspiration 
#####Generate daily PET from CLIGEN data 
cli.wd <- "~/CLIGEN/outputs" 
 
#import CLIGEN station locations 
station.locations <- read.table("~/CLIGEN/StationLocations.csv", sep=",", header=T) 
names(station.locations) <- c("station", "name", "lat.deg", "lon.deg", "elev.ft", "rec.len.yrs") 
 
#load CLIGEN daily weather data 
data <- readRDS(str_c(cli.wd, "CLIGEN_Daily_Data.rds", sep="/")) 
data <- merge(data, station.locations, by="station", all=F) 
 
#Constants---- 
#Albedo, assumed constant 
alpha <- 0.23 
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#Stephan-Boltzmann constant, MJ/K^4/m^2/d 
sigma <- 4.901 * (10 ^ (-9)) 
 
#Latitude, in radians 
data$lat.rad <- data$lat.deg * pi / 180 
 
#Elevation, z_m, meters 
data$elev.m <- data$elev.ft * 0.3048 
 
#Atmospheric Pressure, P, kPa 
data$p.kpa <- 101.3 * ((293 - 0.0065 * data$elev.m) / 293) ^ 5.26 
 
#Psychrometric Constant, gamma, kPa/deg C 
#Note: this is the formula used by ASCE, but below a formula based on lambda is used 
#gamma = 0.000665 * P_kPa 
 
#Solar constant, MJ/m^2/h 
Gsc <- 4.92 
 
#Conversions---- 
#get day of year 
data$yday <- yday(ISOdate(data$year, data$month, data$mday)) 
 
#temperature to Kelvin 
data$tmax.k <- data$tmax.c + 273.16 
data$tmin.k <- data$tmin.c + 273.16 
 
data$tmean.c <- (data$tmax.c + data$tmin.c)/2 
data$tmean.k <- (data$tmax.k + data$tmin.k)/2 
 
#total solar radiation conversion 
data$rad.mj.m2.d <- data$rad.l.d * 0.04184 
 
#Psychrometric and Atmospheric Variable Calculations----   
#Latent Heat of Vaporization, lambda, MJ/kg 
#Note: not the ASCE formula 
data$lambda <- 2.501 - 0.002361 * data$tmean.c 
 
#Psychrometric Constant, gamma, kPa/deg C 
#Note: not the ASCE formula 
data$gamma <- 0.001013 * data$p.kpa / (0.662 * data$lambda) 
 
#Slope of the Saturation Vapor Pressure-Temperature Curve, delta, kPa/deg C 
data$delta <- 2503 * exp((17.27 * data$tmean.c) / (data$tmean.c + 237.3)) / (data$tmean.c + 237.3) 
^ 2 
 
#create vapor pressure function 
vap_press <- function(temp_C){ 
  e <- 0.6108 * exp(17.27 * temp_C / (temp_C + 237.3)) 
  return(e) 
} 
 
#Saturated Vapor Pressure, e.s, kPa 
data$e.s <- (vap_press(data$tmax.c) + vap_press(data$tmin.c)) / 2 
 
#Actual Vapor Pressure, e.a, kPa 
data$e.a <- vap_press(data$tdew.c) 
 
#Vapor Pressure Deficit, kPa 
data$e.d <- data$e.s - data$e.a 
data$e.d[data$e.d < 0] <- 0 
 
#Solar radiation variable calculations 
#inverse relative distance factor (squared) for the earth-sun 
data$dr <- 1 + 0.033 * cos(2 * pi * data$yday / 365) #365 is valid even in leap years 
 
#solar declination, radians 
data$delta.lower <- 0.409 * sin(2 * pi * data$yday / 365 - 1.39) 
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#sunset hour angle, radians 
data$phi <- data$lat.rad 
data$chi <- 1 - tan(data$phi) ^ 2 * tan(data$delta.lower) ^ 2 
data$chi[data$chi < 0.00001] <- 0.00001 
data$omega.s <- pi / 2 - atan(-tan(data$phi) * tan(data$delta.lower) / data$chi ^ 0.5) 
 
#Extraterrestrial Radiation, Ra, MJ/m^2/d 
data$ra <- (24 / pi) * Gsc * data$dr *  
  (data$omega.s * sin(data$phi) * sin(data$delta.lower) + cos(data$phi) * cos(data$delta.lower) * 
sin(data$omega.s)) 
 
#Clear sky radiation, Rso, MJ/m^2/d 
data$rso <- (0.75 + 0.00002 * data$elev.m) * data$ra 
 
#Net Radiation, Rn, MJ/m^2/d 
#Net Solar (or Short-wave) Radiation, MJ/m^2/d 
data$rns <- (1 - alpha) * data$rs 
 
#Net Long-wave Radiation, Rnl, MJ/m^2/d 
data$rel.rad <- data$rs / data$rso 
data$rel.rad[data$rel.rad < 0.3] <- 0.3 
data$rel.rad[data$rel.rad > 1] <- 1 
data$fcd <- 1.35 * data$rel.rad - 0.35 
data$fcd[data$fcd < 0.05] <- 0.05 
data$fcd[data$fcd > 1] <- 1 
data$rnl <- sigma * data$fcd * (0.34 - 0.14 * sqrt(data$e.a)) * ((data$tmax.k ^ 4 + data$tmin.k ^ 
4) / 2) 
 
#Net Radiation 
data$rn <- data$rns - data$rnl 
 
#Soil Heat Flux calculations 
#For daily timestep, it is assumed that Rn >> G, so: 
G <- 0 
 
#Penman-Monteith short (grass) reference---- 
#Penman-Monteith equation for daily reference evapotranspiration 
#Note that in the ASCE Standardized equation, 1/lambda is approximated as a constant 0.408 
 
#Reference crop constants for ASCE Standardized PM equation, grass reference crop 
Cn <- 900 
Cd <- 0.34 
 
data$pm.grass.mm.d <- (1 / data$lambda) * data$delta * (data$rn - G) 
data$pm.grass.mm.d <- data$pm.grass.mm.d + data$gamma * Cn * data$w.vl.m.s * data$e.d / 
(data$tmean.k) 
data$pm.grass.mm.d <- data$pm.grass.mm.d / (data$delta + data$gamma * (1 + Cd * data$w.vl.m.s)) 
data$pm.grass.mm.d[data$pm.grass.mm.d < 0] <- 0 
 
#Thornthwaite---- 
mean.mon.temps <- data %>% 
  group_by(station, month) %>% 
  summarize(tmean.c=mean(tmean.c)) 
mean.mon.temps$tmean.c[mean.mon.temps$tmean.c < 0] <- 0 
mean.mon.temps$index <- (mean.mon.temps$tmean.c / 5) ^ 1.514 
 
tw.indices <- mean.mon.temps %>% 
  group_by(station) %>% 
  summarize(tw.index=sum(index)) 
 
tw.indices$a.tw <- 0.000000675 * (tw.indices$tw.index) ^ 3 - 0.0000771 * (tw.indices$tw.index) ^ 2 
+ 0.017912 * tw.indices$tw.index + 0.49239 
 
data <- merge(data, tw.indices, by=c("station")) 
 
data$ni <- days_in_month(ISOdate(data$year, data$month, data$mday)) 
 
data$li <- 2 * acos(-tan(data$phi) * tan(data$delta.lower)) * 12 / pi 
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data$c.tw <- data$li / 12 * data$ni / 30 
 
data$tw.mm.d <- 0 
gt26 <- data$tmean.c > 26 
data$tw.mm.d[gt26] <- (-415.85 + 32.24 * data$tmean.c[gt26] - 0.43 * (data$tmean.c[gt26]) ^ 2) * 
data$c.tw[gt26] / data$ni[gt26] 
lt26 <- data$tmean.c > 0 & data$tmean.c <= 26 
data$tw.mm.d[lt26] <- (16 * (10 * data$tmean.c[lt26] / data$tw.index[lt26]) ^ data$a.tw[lt26]) * 
data$c.tw[lt26] / data$ni[lt26] 
 
#save outputs to file     
data <- data[,c("station", "year", "yday", "prcp.mm", "dur.h",  
                "pktime.fxn", "pkint.fxn", "tmax.c", "tmin.c",  
                "rad.l.d", "w.vl.m.s", "tdew.c", "state", "name",  
                "lat.deg", "lon.deg", "elev.ft", "rec.len.yrs",  
                "pm.grass.mm.d", "tw.mm.d")] 
saveRDS(data, "~/WeatherData/CLIGEN_with_PET.rds") 
__________________________________________________________________________________________________ 
 
#####Generate daily PET files for DRAINMOD 
#recreate PET input file 
##extract year, doy, and PET 
##create three column tab-delimited text file output w/.wea extension 
 
txt.wd <- "~/DRAINMOD/Weather/TXT" 
wea.wd <- "~/DRAINMOD/Weather/WEA" 
rai.wd <- "~/DRAINMOD/Weather/RAI" 
tem.wd <- "~/DRAINMOD/Weather/TEM" 
pet.wd <- "~/DRAINMOD/Weather/PET" 
log.wd <- "~/DRAINMOD/Weather/LOG" 
 
#Penman-Monteith 
df.et <- readRDS("~/WeatherData/ASCE PM Grass RET and PET.rds") 
names(df.et) <- c("location", "yday", "year", "pm.ret.mm", "kc.soyb", "kc.corn", "pm.pet.mm", 
"crop") 
df.et <- melt(df.et, id.vars=c("location", "year", "yday"), measure.vars=c("pm.ret.mm", 
"pm.pet.mm"), 
              variable.name="model", value.name="et.mm") 
 
exe <- "C:\\DRAINMOD\\DMWEA.exe" 
 
locations <- sort(unique(df.et$location)) 
 
for (l in 1:length(locations)){ 
  loc <- locations[l] 
  models <- sort(unique(df.et$model)) 
   
  for (m in 1:length(models)){ 
    mod <- as.character(models[m]) 
    file.name <- str_c(loc, "_", str_replace_all(mod, "[.]", "_"), ".wea", sep="") 
    file.path <- str_c(txt.wd, file.name, sep="/") 
    file.path <- gsub("/", "\\\\", file.path) 
    file.path <- str_c('"', file.path, '"', sep="") 
     
    station <- str_c("00000", 1) 
     
    argument <- str_c(exe, file.path, "ET", "MM", station, sep=" ") 
    pet <- subset(df.et, model==mod & location==loc) 
    pet <- pet[,c("year", "yday", "et.mm")] 
     
    setwd(txt.wd) 
    write.table(pet, file.name, row.names=F, col.names=F, sep="\t") 
     
    #run DrainMod weather utility to create .pet files 
    system(argument, intern=F, ignore.stdout=F, ignore.stderr=F) 
     
    #copy .wea files to WEA directory 
    from <- str_c(txt.wd, file.name, sep="/") 
    to <- str_c(wea.wd, file.name, sep="/") 
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    file.copy(from, to, overwrite=T) 
    file.remove(from) 
     
    #copy .pet files to PET directory 
    from <- gsub(".wea", ".PET", str_c(txt.wd, file.name, sep="/")) 
    to <- gsub(".wea", ".PET", str_c(pet.wd, file.name, sep="/")) 
    file.copy(from, to, overwrite=T) 
    file.remove(from) 
     
    #copy .log files to LOG directory 
    from <- gsub(".wea", ".LOG", str_c(txt.wd, file.name, sep="/")) 
    to <- gsub(".wea", ".LOG", str_c(log.wd, file.name, sep="/")) 
    file.copy(from, to, overwrite=T) 
    file.remove(from) 
  } 
} 
 
#Thornthwaite 
df.et <- readRDS("~/WeatherData/Thornthwaite PET.rds") 
names(df.et) <- c("location", "year", "yday", "tw.pet.mm") 
df.et <- melt(df.et, id.vars=c("location", "year", "yday"), measure.vars=c("tw.pet.mm"), 
              variable.name="model", value.name="et.mm") 
 
exe <- "C:\\DRAINMOD\\DMWEA.exe" 
 
locations <- sort(unique(df.et$location)) 
 
for (l in 1:length(locations)){ 
  loc <- locations[l] 
  models <- sort(unique(df.et$model)) 
   
  for (m in 1:length(models)){ 
    mod <- as.character(models[m]) 
    file.name <- str_c(loc, "_", str_replace_all(mod, "[.]", "_"), ".wea", sep="") 
    file.path <- str_c(txt.wd, file.name, sep="/") 
    file.path <- gsub("/", "\\\\", file.path) 
    file.path <- str_c('"', file.path, '"', sep="") 
     
    station <- str_c("00000", 1) 
     
    argument <- str_c(exe, file.path, "ET", "MM", station, sep=" ") 
    pet <- subset(df.et, model==mod & location==loc) 
    pet <- pet[,c("year", "yday", "et.mm")] 
     
    setwd(txt.wd) 
    write.table(pet, file.name, row.names=F, col.names=F, sep="\t") 
     
    #run DrainMod weather utility to create .pet files 
    system(argument, intern=F, ignore.stdout=F, ignore.stderr=F) 
     
    #copy .wea files to WEA directory 
    from <- str_c(txt.wd, file.name, sep="/") 
    to <- str_c(wea.wd, file.name, sep="/") 
    file.copy(from, to, overwrite=T) 
    file.remove(from) 
     
    #copy .pet files to PET directory 
    from <- gsub(".wea", ".PET", str_c(txt.wd, file.name, sep="/")) 
    to <- gsub(".wea", ".PET", str_c(pet.wd, file.name, sep="/")) 
    file.copy(from, to, overwrite=T) 
    file.remove(from) 
     
    #copy .log files to LOG directory 
    from <- gsub(".wea", ".LOG", str_c(txt.wd, file.name, sep="/")) 
    to <- gsub(".wea", ".LOG", str_c(log.wd, file.name, sep="/")) 
    file.copy(from, to, overwrite=T) 
    file.remove(from) 
  } 
} 
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Programming code (R) for running DRAINMOD and processing outputs 

####Run DRAINMOD 
#####Create DRAINMOD PRJ and GEN files from templates 
fnd.location <- "REPLACE LOCATION" 
fnd.rai.file <- "REPLACE.RAI" 
fnd.tem.file <- "REPLACE.TEM" 
fnd.pet.file <- "REPLACE.PET" 
fnd.gen.file <- "REPLACE.GEN" 
 
template.prj <- "TEMPLATE.PRJ" 
template.gen <- "TEMPLATE.GEN" 
 
template.wd <- "~/DRAINMOD/General/templates" 
general.wd <- "~/DRAINMOD/General/" 
 
file.names <- list.files("~/DRAINMOD/Weather/PET", include.dirs=F, pattern=".PET$") 
sim.names <- str_sub(file.names, 1, -5) 
stations <- str_sub(file.names, 1, 8) 
 
#import CLIGEN station locations 
station.locations <- read.table("~/CLIGEN/StationLocations.csv", sep=",", header=T) 
names(station.locations) <- c("station", "name", "lat.deg", "lon.deg", "elev.ft", "rec.len.yrs") 
 
for (s in 1:length(stations)){ 
  stat <- stations[s] 
  sim <- sim.names[s] 
  rep.location <- as.character(subset(station.locations, station==stat)$name) 
  rep.rai.file <- str_c(stat, "_Rain.RAI") 
  rep.tem.file <- str_c(stat, "_Temp.TEM") 
  rep.pet.file <- file.names[s] 
  rep.gen.file <- str_c(sim, ".GEN") 
  rep.prj.file <- str_c(sim, ".PRJ") 
   
  setwd(template.wd) 
  gen <- readLines(template.gen) 
  gen <- str_replace(gen, fnd.location, rep.location) 
  gen <- str_replace(gen, fnd.rai.file, rep.rai.file) 
  gen <- str_replace(gen, fnd.tem.file, rep.tem.file) 
  gen <- str_replace(gen, fnd.pet.file, rep.pet.file) 
   
  prj <- readLines(template.prj) 
  prj <- str_replace(prj, fnd.location, rep.location) 
  prj <- str_replace(prj, fnd.rai.file, rep.rai.file) 
  prj <- str_replace(prj, fnd.tem.file, rep.tem.file) 
  prj <- str_replace(prj, fnd.pet.file, rep.pet.file) 
  prj <- str_replace(prj, fnd.gen.file, rep.gen.file) 
   
  setwd(general.wd) 
  writeLines(gen, str_c(rep.gen.file)) 
  writeLines(prj, str_c(rep.prj.file)) 
} 
__________________________________________________________________________________________________ 
 
#####Batch run of DrainMod simulations for all locations 
#create batch file 
setwd("~/DRAINMOD") 
 
general.wd <- "~/DRAINMOD/General/" 
prj.files <- list.files(general.wd, pattern=".PRJ$", recursive=F, include.dirs=F) 
 
batch.lines <- vector() 
for (i in 1:length(prj.files)){ 
  first.part <- "C:\\DrainMod\\dmhydro.exe" 
  second.part <- str_c("\"", "M:\\General\\", prj.files[i], "\"") 
  batch.lines[i] <- str_c(first.part, second.part, sep=" ")   
} 
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setwd("~/DRAINMOD") 
writeLines(c("@echo off",  
             "subst M: C:\\DRAINMOD", 
             batch.lines, 
             "subst M: /D", 
             "@pause"),  
           "Chapter2_Part1_BatchRun.bat") 
 
bat <- "Chapter2_Part1_BatchRun.bat" 
print(read.fwf(bat, widths=200)) 
system(bat, intern=F, ignore.stdout=F, ignore.stderr=F) 
__________________________________________________________________________________________________ 
 
####Process DRAINMOD results 
#####Process daily DrainMod outputs for Part 1 
drainmod.wd <- c("~/grd") 
file.names <- list.files(drainmod.wd,  pattern=".GRD", recursive = F, full.names=F) 
file.names.list <- as.list(file.names) 
file.names.full <- list.files(drainmod.wd,  pattern=".GRD", recursive = F, full.names=T) 
 
classes <- c(rep("integer",3), rep("numeric", 9)) 
data.list <- lapply(file.names.full, read.table, sep=",", header=F, skip=0, colClasses=classes) 
data.list <- lapply(data.list, function(x) { 
  colnames(x) <- c("year", "month", "mday",  
                   "rain.cm", "infil.cm", "et.cm",  
                   "drain.cm", "runoff.cm", "twl.cm",  
                   "wtd.cm", "dzd.cm", "surfstor.cm") 
  return(x)}) 
 
data.list <- mapply(cbind, data.list, name = file.names.list, SIMPLIFY = F) #add file name as column 
for (l in 1:length(data.list)){data.list[[l]]$name <- as.character(data.list[[l]]$name)} 
data <- bind_rows(data.list) #aggregate list of data frames 
saveRDS(data, "~/DRAINMOD/Output/DRAINMOD outputs.rds") 
__________________________________________________________________________________________________ 
 
#####Kriging annual data using SAGA Ordinary Kriging 
setwd("~/data") 
annual.files <- intersect(list.files(getwd(), pattern="*Annual*"), 
                          list.files(getwd(), pattern=".csv$")) 
annual.list <- lapply(annual.files, read.table, sep=",", header=T, stringsAsFactors=F) 
annual.df <- as.data.frame(unclass(bind_rows(annual.list))) 
annual.df$model.type <- as.factor(str_c(annual.df$model, annual.df$type, sep=".")) 
annual.df <- annual.df[,names(annual.df) %in% c("station", "model.type", "lat", "lon",  
                                                "rain.cm", "et.cm", "drain.cm", "runoff.cm")] 
annual.df <- melt(annual.df, id.vars=c("station", "model.type", "lat", "lon")) 
annual.df <- unique(annual.df[(annual.df$model.type == "tw.pet" | annual.df$variable != 
"rain.cm"),]) 
lims <- c(min(annual.df$lon), max(annual.df$lon), 
          min(annual.df$lat), max(annual.df$lat)) 
 
#create shapefiles from data frame 
setwd("~/") 
coordinates(annual.df)=~lon+lat 
proj4string(annual.df) <- CRS("+proj=longlat +datum=WGS84") 
 
for (mt in unique(annual.df$model.type)){ 
  annual.df.mt <- subset(annual.df, model.type==mt) 
  for (v in unique(annual.df.mt$variable)){ 
    annual.df.sub <- subset(annual.df.mt, variable==v) 
    shp.name <- str_replace_all(str_c("shp/Annual", mt, v, sep="."), "\\.", "_") 
    shapefile(annual.df.sub, str_c(shp.name, ".shp"), overwrite=T) 
  } 
} 
 
setwd("~/") 
shp.files <- intersect(list.files(getwd(), recursive=T, pattern=".shp$"), 
                       list.files(getwd(), recursive=T, pattern="Annual")) 
shp.names <- basename(shp.files) 
sdat.files <- str_c("sdat/", str_sub(shp.names, 1, -5)) 
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setwd("~/") 
for (sdat in 1:length(sdat.files)){ 
  rsaga.geoprocessor(lib="statistics_kriging",  
                     module=0,  
                     param=list(POINTS=shp.files[sdat],  
                                FIELD="value",  
                                LOG=1, 
                                BLOCK=1, 
                                TARGET_USER_SIZE=0.01, 
                                TARGET_USER_XMIN=lims[1], 
                                TARGET_USER_XMAX=lims[2], 
                                TARGET_USER_YMIN=lims[3], 
                                TARGET_USER_YMAX=lims[4], 
                                SEARCH_RADIUS=1000, 
                                PREDICTION=sdat.files[sdat])) 
} 
__________________________________________________________________________________________________ 
 
#####Kriging monthly data using SAGA Ordinary Kriging 
setwd("~/data") 
monthly.files <- intersect(list.files(getwd(), pattern="*Monthly*"), 
                           list.files(getwd(), pattern=".csv$")) 
monthly.list <- lapply(monthly.files, read.table, sep=",", header=T, stringsAsFactors=F) 
monthly.df <- as.data.frame(unclass(bind_rows(monthly.list))) 
monthly.df$model.type <- as.factor(str_c(monthly.df$model, monthly.df$type, sep=".")) 
monthly.df <- monthly.df[,names(monthly.df) %in% c("station", "model.type", "month", "lat", "lon",  
                                                   "rain.cm", "et.cm", "drain.cm", "runoff.cm")] 
monthly.df <- melt(monthly.df, id.vars=c("station", "model.type", "month", "lat", "lon")) 
monthly.df <- unique(monthly.df[(monthly.df$model.type == "tw.pet" | monthly.df$variable != 
"rain.cm"),]) 
lims <- c(min(monthly.df$lon), max(monthly.df$lon), 
          min(monthly.df$lat), max(monthly.df$lat)) 
 
#create shapefiles from data frame 
setwd("~/") 
coordinates(monthly.df)=~lon+lat 
proj4string(monthly.df) <- CRS("+proj=longlat +datum=WGS84") 
 
for (mt in unique(monthly.df$model.type)){ 
  monthly.df.mt <- subset(monthly.df, model.type==mt) 
  for (v in unique(monthly.df.mt$variable)){ 
    monthly.df.v <- subset(monthly.df.mt, variable==v) 
    for (m in unique(monthly.df.v$month)){ 
      monthly.df.sub <- subset(monthly.df.v, month==m) 
      shp.name <- str_replace_all(str_c("shp/Monthly", mt, v, month.abb[m], sep="."), "\\.", "_") 
      shapefile(monthly.df.sub, str_c(shp.name, ".shp"), overwrite=T) 
    } 
  } 
} 
 
setwd("~/") 
shp.files <- intersect(list.files(getwd(), recursive=T, pattern=".shp$"), 
                       list.files(getwd(), recursive=T, pattern="Monthly")) 
shp.names <- basename(shp.files) 
sdat.files <- str_c("sdat/", str_sub(shp.names, 1, -5)) 
 
setwd("~/") 
for (sdat in 1:length(sdat.files)){ 
  rsaga.geoprocessor(lib="statistics_kriging",  
                     module=0,  
                     param=list(POINTS=shp.files[sdat],  
                                FIELD="value",  
                                LOG=1, 
                                BLOCK=1, 
                                TARGET_USER_SIZE=0.01, 
                                TARGET_USER_XMIN=lims[1], 
                                TARGET_USER_XMAX=lims[2], 
                                TARGET_USER_YMIN=lims[3], 
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                                TARGET_USER_YMAX=lims[4], 
                                SEARCH_RADIUS=1000, 
                                PREDICTION=sdat.files[sdat])) 
} 
__________________________________________________________________________________________________ 
 
#####Statistical tests of annual predictions 
in.wd <- "~/data/" 
out.wd <- "~/stats/" 
predictions <- readRDS(str_c(in.wd,"MonthlyDataInterpolatedAtWaseca.rds")) 
predictions <- predictions %>% 
  group_by(model, type, year, param) %>% 
  summarize(value=sum(value)) 
predictions <- subset(predictions, param!="rain.cm") 
 
predictions$model.type <- str_c(predictions$model, predictions$type, sep=".") 
 
#test normality and symmetry of each annual dataset 
nsl <- list() 
 
for (mod.typ in unique(predictions$model.type)){ 
  nsl1 <- list() 
  for (par in unique(predictions$param)){ 
    df1 <- subset(predictions,  
                  model.type==mod.typ & param==par) 
    vals <- df1$value 
    #perform the Shapiro-Wilk test for normality 
    #null hypothesis: values are normally distributed 
    # rejected if p < 0.05 
    swp <- shapiro.test(vals)$p.value 
     
    #perform the Cabilio-Masaro test for symmetry 
    #null hypothesis: the data are symmetric around an unknown median 
    # rejected if p < 0.05 
    cmp <- symmetry.test(vals, option="CM", side="both")$p.value 
     
    nsl1[[par]] <- data.frame(mod.typ, par, swp, cmp, 
                              stringsAsFactors=F) 
  } 
  nsl[[mod.typ]] <- bind_rows(nsl1) 
} 
 
nsl <- bind_rows(nsl) 
nsl$swr <- "Do not reject" 
nsl$swr[nsl$swp < 0.05] <- "Reject" 
nsl$cmr <- "Do not reject" 
nsl$cmr[nsl$cmp < 0.05] <- "Reject" 
 
stats <- nsl 
 
#evaluate comparisons of annual datasets (PM RET vs PM PET) 
# for variance homogeneity and statistical difference of means 
hdl <- list() 
dfs <- subset(predictions, model=="pm") 
 
for (par in unique(predictions$param)){ 
  df1 <- subset(dfs,  
                param==par & type==unique(dfs$type)[1]) 
  df2 <- subset(dfs,  
                param==par & type==unique(dfs$type)[2]) 
  vals1 <- df1$value 
  vals2 <- df2$value 
   
  #perform Mann-Whitney (Wilcoxon) test 
  #null hypothesis: it is equally likely that a randomly selected value from 
  # df1 will be greater than or less than a randomly selected value from df2 
  # rejected if p < 0.05 
  mwp <- wilcox.test(vals1, vals2, correct=F)$p.value 
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  #perform the Fligner-Killeen test for variance homogeneity 
  #null hypothesis: the variances are homogenous (i.e. all comparison  
  # groups have the same variance) 
  # rejected if p < 0.05 
  fkp <- fligner.test(list(vals1, vals2))$p.value 
   
  hdl[[par]] <- data.frame(com="PM RET vs PM PET", par, mwp, fkp, 
                           stringsAsFactors=F) 
} 
hdl <- bind_rows(hdl) 
hdl.pm <- hdl 
 
#compare annual datasets (PM PET vs TW PET) 
hdl <- list() 
dfs <- subset(predictions, type=="pet") 
 
for (par in unique(predictions$param)){ 
  df1 <- subset(dfs,  
                param==par & model==unique(dfs$model)[1]) 
  df2 <- subset(dfs,  
                param==par & model==unique(dfs$model)[2]) 
  vals1 <- df1$value 
  vals2 <- df2$value 
   
  #perform Mann-Whitney (Wilcoxon) test 
  #null hypothesis: it is equally likely that a randomly selected value from 
  # df1 will be greater than or less than a randomly selected value from df2 
  # rejected if p < 0.05 
  mwp <- wilcox.test(vals1, vals2, correct=F)$p.value 
   
  #perform the Fligner-Killeen test for variance homogeneity 
  #null hypothesis: the variances are homogenous (i.e. all comparison  
  # groups have the same variance) 
  # rejected if p < 0.05 
  fkp <- fligner.test(list(vals1, vals2))$p.value 
   
  hdl[[par]] <- data.frame(com="PM PET vs TW PET", par, mwp, fkp, 
                           stringsAsFactors=F) 
} 
hdl <- bind_rows(hdl) 
 
hdl <- bind_rows(hdl.pm, hdl) 
 
hdl$mwr <- "Do not reject" 
hdl$mwr[hdl$mwp < 0.05] <- "Reject" 
hdl$fkr <- "Do not reject" 
hdl$fkr[hdl$fkp < 0.05] <- "Reject" 
 
stats.comp <- hdl 
 
write.table(stats, str_c(out.wd, "AnnualStats.csv"),  
            row.names=F, col.names=T, sep=",") 
write.table(stats.comp, str_c(out.wd, "AnnualComparisonStats.csv"), 
            row.names=F, col.names=T, sep=",") 
__________________________________________________________________________________________________ 
 
#####Statistical tests of monthly predictions 
in.wd <- "~/data/" 
out.wd <- "~/stats/" 
predictions <- readRDS(str_c(in.wd,"MonthlyDataInterpolatedAtWaseca.rds")) 
predictions <- subset(predictions, param!="rain.cm") 
 
predictions$model.type <- str_c(predictions$model, predictions$type, sep=".") 
 
#test normality and symmetry of each monthly dataset 
nsl <- list() 
 
for (mod.typ in unique(predictions$model.type)){ 
  nsl1 <- list() 
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  for (par in unique(predictions$param)){ 
    nsl2 <- list() 
    for (mon in unique(predictions$month)){ 
      df1 <- subset(predictions,  
                    model.type==mod.typ & param==par & month==mon) 
      vals <- df1$value 
      #perform the Shapiro-Wilk test for normality 
      #null hypothesis: values are normally distributed 
      # rejected if p < 0.05 
      swp <- shapiro.test(vals)$p.value 
       
      #perform the Cabilio-Masaro test for symmetry 
      #null hypothesis: the data are symmetric around an unknown median 
      # rejected if p < 0.05 
      cmp <- symmetry.test(vals, option="CM", side="both")$p.value 
       
      nsl2[[mon]] <- data.frame(mod.typ, par, mon, swp, cmp, 
                                stringsAsFactors=F) 
       
    }  
    nsl1[[par]] <- bind_rows(nsl2) 
  } 
  nsl[[mod.typ]] <- bind_rows(nsl1) 
} 
 
nsl <- bind_rows(nsl) 
nsl$swr <- "Do not reject" 
nsl$swr[nsl$swp < 0.05] <- "Reject" 
nsl$cmr <- "Do not reject" 
nsl$cmr[nsl$cmp < 0.05] <- "Reject" 
 
stats <- nsl 
 
#evaluate comparisons of monthly datasets (PM RET vs PM PET) 
# for variance homogeneity and statistical difference of means 
hdl <- list() 
dfs <- subset(predictions, model=="pm") 
 
for (par in unique(predictions$param)){ 
  hdl1 <- list() 
  for (mon in unique(predictions$month)){ 
    df1 <- subset(dfs,  
                  param==par & month==mon & type==unique(dfs$type)[1]) 
    df2 <- subset(dfs,  
                  param==par & month==mon & type==unique(dfs$type)[2]) 
    vals1 <- df1$value 
    vals2 <- df2$value 
     
    #perform Mann-Whitney (Wilcoxon) test 
    #null hypothesis: it is equally likely that a randomly selected value from 
    # df1 will be greater than or less than a randomly selected value from df2 
    # rejected if p < 0.05 
    mwp <- wilcox.test(vals1, vals2, correct=F)$p.value 
     
    #perform the Fligner-Killeen test for variance homogeneity 
    #null hypothesis: the variances are homogenous (i.e. all comparison  
    # groups have the same variance) 
    # rejected if p < 0.05 
    fkp <- fligner.test(list(vals1, vals2))$p.value 
     
    hdl1[[mon]] <- data.frame(com="PM RET vs PM PET", par, mon, mwp, fkp, 
                              stringsAsFactors=F) 
     
  }  
  hdl[[par]] <- bind_rows(hdl1) 
} 
hdl <- bind_rows(hdl) 
hdl.pm <- hdl 
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#compare monthly datasets (PM PET vs TW PET) 
hdl <- list() 
dfs <- subset(predictions, type=="pet") 
 
for (par in unique(predictions$param)){ 
  hdl1 <- list() 
  for (mon in unique(predictions$month)){ 
    df1 <- subset(dfs,  
                  param==par & month==mon & model==unique(dfs$model)[1]) 
    df2 <- subset(dfs,  
                  param==par & month==mon & model==unique(dfs$model)[2]) 
    vals1 <- df1$value 
    vals2 <- df2$value 
     
    #perform Mann-Whitney (Wilcoxon) test 
    #null hypothesis: it is equally likely that a randomly selected value from 
    # df1 will be greater than or less than a randomly selected value from df2 
    # rejected if p < 0.05 
    mwp <- wilcox.test(vals1, vals2, correct=F)$p.value 
     
    #perform the Fligner-Killeen test for variance homogeneity 
    #null hypothesis: the variances are homogenous (i.e. all comparison  
    # groups have the same variance) 
    # rejected if p < 0.05 
    fkp <- fligner.test(list(vals1, vals2))$p.value 
     
    hdl1[[mon]] <- data.frame(com="PM PET vs TW PET", par, mon, mwp, fkp, 
                              stringsAsFactors=F) 
     
  }  
  hdl[[par]] <- bind_rows(hdl1) 
} 
hdl <- bind_rows(hdl) 
 
hdl <- bind_rows(hdl.pm, hdl) 
 
hdl$mwr <- "Do not reject" 
hdl$mwr[hdl$mwp < 0.05] <- "Reject" 
hdl$fkr <- "Do not reject" 
hdl$fkr[hdl$fkp < 0.05] <- "Reject" 
 
stats.comp <- hdl 
 
stats.summary <- stats %>% 
  group_by(mod.typ, par) %>% 
  summarize(num.sw.rejects = summary(swr=="Reject")["TRUE"], 
            num.cm.rejects = summary(cmr=="Reject")["TRUE"], 
            num.same = summary(swr==cmr)["TRUE"]) 
 
stats.comp.summary <- stats.comp %>% 
  group_by(com, par) %>% 
  summarize(num.mw.rejects = summary(mwr=="Reject")["TRUE"], 
            num.fk.rejects = summary(fkr=="Reject")["TRUE"], 
            num.same = summary(mwr==fkr)["TRUE"]) 
 
write.table(stats, str_c(out.wd, "MonthlyStats.csv"),  
            row.names=F, col.names=T, sep=",") 
write.table(stats.comp, str_c(out.wd, "MonthlyComparisonStats.csv"), 
            row.names=F, col.names=T, sep=",") 

 


