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Under today’s environmental conditions and with the increasing worldwide 

competition for water, errors in irrigation management decisions can be costly. 

Therefore, providing both accurate evapotranspiration estimation on a daily basis and 

estimation of the magnitude of error associated with this estimate is vital for informed 

water management decisions that allow irrigation managers to account for the 

associated uncertainties and risks. 

 

The present research focuses on the hypothesis, the analytical approach, and the 

results of a study formulated to quantify the various components of uncertainty in 

daily and cumulative reference (ET0) and crop (ETc) evapotranspiration estimates with 

and without accounting for serial correlation.  These analyses were carried out using 

nine years of daily (24-h sum) standardized Penman-Monteith values of ET0 

downloaded from three CIMIS weather stations in the Sacramento Valley, one year of 

grass lysimeter data at Five Points, California and measured Kc using surface renewal, 

eddy covariance and lysimeter data in our area of interest.  Moreover, strategies were 

developed, based on this study, to reduce the uncertainty in ET estimates.  

 



Random and systematic errors associated with CIMIS weather station data and with 

the Penman-Monteith model itself include: spatial variability of the weather 

parameters between the farm and the weather station; variations in weather station 

instrument accuracy; and the intrinsic errors of the daily (24-h sum) standardized PM 

ET0 model. These sources of error were modeled using Monte Carlo simulation, and 

the simulated errors were used to modify daily ET0 data for a specific case study in the 

Sacramento Valley. Modeling of errors in the crop coefficient was not possible given 

the limited data available; however an estimate of mid-season bias of the crop 

coefficient for the specific circumstances of the case study was derived from surface 

renewal data.   

 

The mean and standard deviation of simulated ET0 estimates (including the embedded 

simulated errors) were used to characterize the errors in irrigation scheduling that 

would result from random, systematic and total errors in ET0 and ETc for different 

irrigation scenarios. The three alternative scenarios considered were represented as 

three different allowable depletions, 50 mm, 100 mm and 150 mm, between 

irrigations. 

 

Key elements of this research explored the importance of serial correlation in random 

errors and compared the errors associated with weather station factors with the 

intrinsic error of the Penman-Monteith model. The research also showed that observed 

biases in the CIMIS crop coefficient (Kc) produced a substantially greater effect than 

errors associated with weather station factors or intrinsic errors in the PM model. The 

research also found that local measurements of wind speed could considerably 

increase the accuracy of ET0 estimates. 
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1. Introduction 
 

Crop evapotranspiration (ETc) is the main variable that quantifies the crop 

consumptive use of water for an irrigated agricultural area. This agriculture water use 

represents a significant component of consumptive use of water in the arid western 

United States, where water resources are scarce and irrigation is expensive. Obviously, 

there can be considerable uncertainty in the ET estimation that can lead to significant 

cumulative errors in irrigation scheduling. Under today’s environmental conditions 

and with the increasing worldwide competition for water, errors in water management 

decision can be costly. Therefore, providing both accurate evapotranspiration 

estimation on a daily basis and estimation of the magnitude of error associated with 

this estimate is vital for informed water management decisions that allow irrigation 

managers to account for the associated risks. 

 

The overall goal of this research is to develop general perspectives regarding the 

uncertainty of crop ET estimates used in irrigation management. Apparently, such 

study of the errors in ET has not been largely developed even though it is important 

and needed. Sayde et al. (2008) suggested that irrigation scheduling practice can be 

made more effective by explicitly accounting for the uncertainty in both cumulative 

ET estimates and measured soil moisture. The results of this study will be integrated 

as part of Irrigation Management Online (IMO), a web-based advisory service for 

irrigation management that considers irrigation efficiency and yield reductions for 

deficit irrigation and performs irrigation scheduling. This system will use estimates of 

potential errors in both ET and soil moisture measurements in a Bayesian decision 

model to derive a maximum likelihood estimator of soil water depletion, making 

irrigation scheduling more accurate (Hillyer, 2009).  

 

Another reason for this assessment of ET uncertainty is yield modeling. Because 

general yield models in widespread use today are dependent on estimation of crop 

transpiration, uncertainty in ET can be a major factor contributing to the yield 
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uncertainty. Estimated uncertainty of ET in the IMO model will be translated into 

uncertainty of crop yield estimates.  This latter can be so large as to significantly 

influence a farmer’s irrigation practices (English, 1981). This study will address both 

of those needs for purposes of economic optimization of irrigation practices and 

maximization of net economic returns to water.   

 

Objectives 
A primary goal of this thesis is to develop an analytical method to quantify the 

magnitude of uncertainties in estimates of daily crop evapotranspiration and 

cumulative ET for intervals of time between irrigation events and during an entire 

growing season. That method will then be used to quantify the order of magnitude of 

such errors for one specific situation, a hypothetical farm in the northern Sacramento 

Valley, California within a radius of 15 miles from three CIMIS stations. While the 

results of this single case study may or may not be transferable to other situations, they 

will provide initial perspectives on the significance of such analyses for one large and 

economically important agricultural area, and may also yield insights about how the 

methods used in this thesis might be improved. Finally, the case study will provide a 

basis for assessing the sensitivity of estimated reference ET to the spatial variability of 

the micrometeorological parameters for the same case study. The intention is to 

explore the potential for reducing uncertainty in irrigation scheduling by cost effective 

changes in weather data collection.  

 

The specific objectives of the study can be summarized as follows: 

1. Formulate a general analytical framework for quantifying uncertainty in estimation 

of crop ET for purposes of irrigation scheduling and yield modeling 

2.  Use that framework to gain some perspective on the characteristics and order of 

magnitude of ET uncertainty based on a case study of the uncertainty of ET 

estimation for a hypothetical farm in the Sacramento Valley. 
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3. Explore simple, low cost strategies for reducing uncertainty of climatological data 

in order to reduce the uncertainty of ET estimates. 

 

Approach 

The main method used to quantify crop ET (consumptive use of water) for irrigation 

projects is the Kc-based approach (Doorenbos and Pruitt, 1977; Allen et al., 2005). The 

actual crop ET estimate is the product of the reference ET for a 0.12 m height short 

canopy (ET0) or 0.5 m height tall canopy (ETr) reference crop and the crop coefficient 

(Kc): 

𝐸𝑇𝑐 = 𝐾𝑐 ∗ 𝐸𝑇0 

 

To account for low soil moisture, an adjustment factor (Ks) may also be incorporated 

into the equation. Another parameter, the basal crop coefficient (Kcb) may also be used 

to represent Kc when ETc is not affected by low soil moisture or wet surface condition. 

 

A combination of both systematic (bias) and random errors occurs in each of these 

components of the crop ET model, and their magnitude affects the accuracy of the ETc 

output. The main sources of error in Kc-based ET estimation arise from the total error 

in the reference ET model (inherent model error, weather data acquisition error and 

spatial location error) as well as the errors of the factors that affect the Kc values, i.e. 

errors in Kcb and errors in the algorithms used to adjust ETc for low soil moisture (Ks) 

or wet surface (Kw) conditions (Sayde et al., 2008). Single crop coefficient or Kc 

method is only investigated in this research; however, dual crop coefficient method 

using both Kcb and Kw will give more accurate indications of the true errors. 

 

Although the Kc-based approach for ETc prediction is well established and has been 

broadly used, accurate quantification of its daily uncertainties has rarely been 

explored. One study has estimated the accuracy of annual and monthly crop ET by 

comparing it to water balance estimates for over 30 crops (Allen et al., 2005). This 
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water balance method was estimated by Water Study Team (WST, 1998) and was 

computed based on the estimation of subsurface inflows and outflows, effective 

precipitation, and change in soil water storage. A few researchers have dealt with 

quantification of systematic and random errors by introducing them into the 

meteorological data used to estimate the original Penman ET0 model (Camillo and 

Gurney, 1984 and Meyer et al., 1989); others compared the Penman-Montieth (PM) 

ET0 model to lysimeter data (Allen et al., 1989; Evett et al., 2000; Howell et al., 1998; 

and Steduto et al., 1996).  

 

Sensitivity analysis on a form of the Penman model was performed and compared to 

other ET models (Beven, 1979; Ley et al., 1994 and 1995; and Temesgen et al., 2005). 

No studies have been found that computed the uncertainties of the ETc estimates by 

dealing with the combined errors of both ET0 and crop coefficient. 

 

For purposes of this present research, the uncertainty of estimated ET was broken 

down into three independent components; (i) the uncertainty associated with weather 

station data, (ii) the intrinsic uncertainty of the ET0 model itself, and (iii) the 

uncertainty of the crop coefficient, Kc. A Monte Carlo simulation approach was used 

to study the combined effects of these three sources of uncertainty in daily ETc 

estimates during a growing season. Even though our objectives are different than those 

of Camillo and Gurney (1984), the same assumptions will underlie the use of the 

Monte Carlo approach: no interactions among the input variables, no constant biases 

for the inputs1

 

, the evapotranspiration model has a differentiable expression, the errors 

in the input variables are small enough so that only the lowest order derivatives in the 

Taylor series expansion of ET need to be considered and a linear function can 

represent evapotranspiration.  

                                                             
1 The weather parameter biases are included indirectly in the annual bias in weather 
station data 
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The fundamental objective, again, was to estimate errors in soil moisture depletion for 

intervals of time between irrigations. To that end, serial correlation of errors in daily 

estimates of ETc was also accounted for in deriving estimates of errors in cumulative 

ET over intervals of time between irrigations.    

 

The Penman-Monteith model, specifically the standardized version used to estimate 

hourly reference ET, was used for this research. The Penman-Monteith model is 

widely accepted as the most robust method to compute reference evapotranspiration 

from meteorological data (Allen et al., 1998). The statistical results of the regression 

between measured hourly grass ET to the standardized PM grass reference ET was 

used to estimate the intrinsic error of the Penman-Monteith model itself. 

 

A simple statistical model of the variability of ET0 estimates associated with multiple 

weather stations in close proximity to each other was developed to represent both the 

uncertainty of micro-climate variability and the uncertainty of instrument error at 

different weather stations. The simulated station variability was combined with the 

intrinsic uncertainty of the PM model in the case study to represent the uncertainty of 

ET0 estimates used for irrigation management on a hypothetical farm in a region 

served by three CIMIS weather stations (Gerber, Durham and Orland) in the northern 

part of the Sacramento Valley.  

 

Due to insufficient data, statistical simulation of errors in Kc was not feasible for this 

study. However, an estimate of bias in Kc for the specific circumstances of the case 

study was derived by comparing the observed ETc from surface renewal (Paw U et al., 

2005) or lysimeter data for various crops to the computed ET0 using the standardized 

PM ET0 model. The resulting observed bias was then used in the case study to 

compare the relative significance of errors in ET0 and errors in Kc. Another method 

used to quantify the uncertainty of Kc was to separate Kc uncertainty from the total 

uncertainty of ETc using lysimeter data for both reference grass and a given crop  



6 
 
calculated from the regression of  lysimeter data on standardized PM ET0 for the same 

location. The increase in residual standard error between the two linear regressions 

indicates the scale of random errors in Kc. 

 

Statistical simulation of errors in Ks and Kw was not possible in this study since there 

was insufficient data to derive such a model. 
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2.  Formulation of the analytical framework 
 

This chapter is divided into two sections. The first section describes the general model 

of the crop and reference evapotranspiration, followed by a mathematical 

representation of the error terms in both models. The second section presents an 

introduction to previous studies of the aspects of uncertainty. These sections  

give the reader a clear understanding of the evapotranspiration models, formulate a 

general analytical framework for quantifying uncertainty in estimation of crop ET and 

present previous studies that have been undertaken to compute the errors in ET 

estimates on daily basis. 

 

2.1. A general analytical framework 

2.1.1. General models of reference and crop evapotranspiration 
Evapotranspiration is an important component of the hydrological cycle and refers to 

the loss of water to the atmosphere by two simultaneous processes: evaporation and 

transpiration. Soil evaporation is the process that dominates ET when the crop canopy 

is small, whereas transpiration becomes the main process when the crop is fully 

developed (Allen et al., 1998). Calculation of actual crop evapotranspiration will use 

the FAO single crop coefficient procedure (Doorenbos and Pruit, 1977 and Allen et 

al., 1998). 

 

General model of crop evapotranspiration 
Allen et al. (1998) defined the crop evapotranspiration under standard conditions (ETc) 

as the evapotranspiration rate of a short and disease-free crop, completely shading the 

ground with adequate soil water status. The potential crop evapotranspiration is 

calculated according to the following equation: 

𝐸𝑇𝑐 = 𝐾𝑐 ∗ 𝐸𝑇0    Eq. 2.1 

where:      
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Under low soil moisture conditions, a stress factor is also introduced into the potential 

crop evapotranspiration model in order to estimate the actual crop evapotranspiration 

according to the following equation:  

𝐸𝑇𝑎 = (𝐾𝑐 ∗ 𝐾𝑠) ∗ 𝐸𝑇0                                      Eq. 2.2 

where:         

  

 

General model of reference evapotranspiration 
The reference evapotranspiration (ET0) is an evapotranspiration rate from a 

hypothetical reference surface of uniform height, actively growing under standard 

conditions with no water shortage (Doorenbos and Pruitt, 1977; Jensen et al., 1990; 

Smith et al. 1992; and Allen et al., 1994). While the reference surface is hypothetical, 

ET0 provides an estimate of the ET of a 0.12 m tall, cool-season (C3 species) grass.  

Estimation requires only meteorological data. Based on the interaction of most 

climatic parameters, it is challenging to have a standardized equation for the 

calculation of reference evapotranspiration (Temesgen et al., 2005). Over the past 

three decades, six major reference equation types have evolved (ASCE Penman-

Monteith, CIMIS
 

Penman, FAO Penman, FAO-56 Penman-Monteith, Kimberly 

Penman, and NRCS Penman-Monteith). In this research, we will use one of the 

analytical and empirical equations used by the California Irrigation Management 

Information System (CIMIS) which is the standardized Penman-Monteith method, 

which is recommended by the American Society of Civil Engineers for determining 

the reference evapotranspiration (Allen et al., 2005). 

ETc =  potential crop evapotranspiration (mm d-1) 

ET0 = reference evapotranspiration (mm d-1) 

Kc = crop coefficient (dimensionless) 

ETa = actual crop evapotranspiration (mm d-1) 

Ks = water stress coefficient (dimensionless) 
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The reference evapotranspiration equation is based on the Penman-Monteith model 

described in the Food and Agricultural Organization Irrigation and Drainage Paper 

No. 56 (Allen et al., 1998).  Later, the bulk surface resistance for hourly calculations 

was modified by the ASCE-EWRI Task Committee on Standardization of Reference 

evapotranspiration (Walter et al., 2000). The Penman-Monteith equation for short 

canopy reference ET combines two terms: The available energy exchange and the 

aerodynamic term. This study uses the short canopy surface (Allen et al., 2005) for 

reference ET. The general form of the equation to predict ET0 on a- hourly basis has 

this form: 

Penman-Monteith Equation: 

𝐸𝑇0 = ∆(𝑅𝑛−𝐺)
𝜆[Δ+𝛾(1+𝐶𝑑𝑢2)]

+
𝛾 37
𝑇𝑎+273.16𝑢2(𝑒𝑠−𝑒𝑎)

Δ+𝛾(1+𝐶𝑑𝑢2)
    Eq. 2.3 

where:   

 

 

 

 

 

 

 

 

  

=

  

 

 

 

 

 

ET0 = grass reference evapotranspiration (mm d-1) 

Δ = slope of saturation vapor pressure curve (kPa °C-1) at mean 

air temperature. 

Rn = net radiation (MJ m-2 h-1) 

G = soil heat flux density (MJ m-2 h-1) 

γ = psychrometric constant (kPa°C-1) 

Ta = mean hourly air temperature (°C) 

U2 = wind speed at 2 meters (m s-1) 

es = saturation vapor pressure (kPa) at the mean hourly air 

temperature (T) in °C 

ea = actual vapor pressure (kPa) at the mean hourly air 

temperature (T) in °C 

𝜆 = latent heat of vaporization in (MJ kg-1) 

Cd = bulk surface resistance and aerodynamic resistance 

coefficient 
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During daytime (Rn>0), the soil heat flux (MJ m-2 h-1) and the bulk surface resistance 

and aerodynamic resistance coefficient are calculated as follow:  

 𝐺 = 0.1 ∗  𝑅𝑛                                              Eq. 2.4        

𝐶𝑑 = 0.34                                                   Eq. 2.5        

       

During nighttime (Rn<=0), the soil heat flux (MJ m-2 h-1) and the bulk surface 

resistance and aerodynamic resistance coefficient are calculated as follow:  

 𝐺 = 0.5 ∗  𝑅𝑛                                             Eq. 2.6   

  𝐶𝑑 = 0.96                                                   Eq. 2.7        

      

The equations of the input variables of the Penman-Monteith equation are: 

 ∆ =  4099 𝑒𝑠
(𝑇𝑎+ 237.3)2

                                  Eq. 2.8 

Net radiation (MJ m-2 h-1)   𝑅𝑛 = 0.77 𝑅𝑠 − 𝑅𝑛𝑙                          Eq. 2.9 

Psychometric constant 𝛾 = 0.00163 𝑃
𝜆
                                Eq. 2.10 

Barometric pressure 𝑃 = 101.3 ∗  �293−0.0065 𝐴
293

�
5.26

         Eq. 2.11 

Saturation vapor pressure (kPa) 𝑒𝑠 = 0.6108 𝑒𝑥𝑝 � 17.27 𝑇𝑎
 𝑇𝑎+ 237.3

�            Eq. 2.12 

Actual vapor pressure(kPa) 𝑒𝑎 =   𝑒𝑠 ∗  𝑅𝐻
100

                                  Eq. 2.13 

Latent heat of vaporization (MJ kg-1)  𝜆 = 2.501− 0.002361 𝑇𝑎               Eq. 2.14 

 

where:   

Rs = solar radiation (MJ m-2 h-1) 

Rnl = net longwave radiation (MJ m-2 h-1) 

A = station elevation above mean sea level (m) 
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2.1.2. Mathematical representation of error terms in the general models of     
reference and crop ET 
As presented in section 2.1.1, the general model of crop ET is the product of reference 

evapotranspiration (ET0) and the empirical crop coefficient (Kc). Uncertainty in this 

Kc-based ET prediction is due to uncertainty in representativeness and quality of 

meteorological data used to estimate the ET0 and the uncertainty in Kc characterizing 

the crop physiology and morphology (Allen et al., 2005). All the uncertainties in the 

resulting ETc (Equation 2.1) are outlined in the following equations: 

𝐸𝑇�𝑐𝑖𝑗 = (𝐾𝑐 + 𝜀𝐾𝑐) ∗ 𝐸𝑇�0𝑖𝑗                                   Eq. 2.15                     

where: 

𝐸𝑇�0𝑖𝑗 = estimates of reference evapotranspiration for day i and 

year j with simulated error included (mm d-1) 
𝐸𝑇�𝑐𝑖𝑗 = estimated crop evapotranspiration for day i and year j with 

simulated error included (mm d-1) 
𝜀𝐾𝑐 = error in the crop coefficient estimates (dimensionless) 

 

The errors in ET0, in turn, are subject to a wide range of uncertainties due to both 

random and systematic errors inherent in all of their measurements (Meyer et al., 

1989). The estimated reference evapotranspiration is computed according to the 

following equation: 

𝐸𝑇�0𝑖𝑗 = 𝐸𝑇0𝑖𝑗 +  𝜀𝐵𝑗 +  𝜀𝑅𝑖𝑗                                 Eq. 2.16 

where: 

𝐸𝑇0𝑖𝑗 = computed reference evapotranspiration at a weather station 

for day i and year j (mm d-1) 
𝜀𝐵𝑗 = simulated systematic error of reference evapotranspiration 

for year j (mm d-1) 

RH = relative humidity (%) 
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𝜀𝑅𝑖𝑗   = simulated random error of reference evapotranspiration for 

day i and year j (mm d-1) 

  

Adding the stress factor (Equation 2.2) and its related error to the estimated potential 

crop evaporation (Equation 2.15) and substituting the estimated reference 

evapotranspiration as in Equation 2.16, the estimated actual evapotranspiration is then 

represented by Equation 2.17:   

𝐸𝑇�𝑎𝑖𝑗 = �(𝐾𝑐 + 𝜀𝐾𝑐) ∗ (𝐾𝑠 + 𝜀𝐾𝑠)� ∗ �𝐸𝑇0𝑖𝑗 +  𝜀𝐵𝑗 +  𝜀𝑅𝑖𝑗 �             Eq. 2.17 

where: 

 

 

 

 

 

 

2.2. Aspects of uncertainty 

2.2.1. Uncertainty of the Reference Evapotranspiration  
Previous studies have been conducted to estimate the total error of the reference ET 

models using measured ET (e.g. lysimeters). Most of the studies explained the nature 

of these errors and/or estimated the total error of the reference evapotranspiration 

using measured ET. No work has been reported to evaluate the separate components 

of the total error of ET0 estimates. These individual components are discussed below. 

 

2.2.1.1. Sensitivity analyses 
Many sensitivity analyses of Penman–Monteith evapotranspiration equations to errors 

in hourly, daily and monthly input data have been carried out.  The daily 

evapotranspiration was most sensitive to net radiation with a sensitivity coefficient of 

0.5 to 0.8. Vapor pressure deficit had a sensitivity coefficient of 0.2-0.25 to 0.5 

𝐸𝑇�𝑎𝑖 = estimated actual crop evapotranspiration for day i and 

year j with simulated error included after accounting 

for low soil moisture (mm d-1) 

𝜀𝐾𝑠 = error in stress factor estimates (dimensionless) 



13 
 
(Beven, 1979 and Baselga, 1990). The temperature had a sensitivity coefficient of 0.2 

to 0.5 (Beven, 1979). For a well irrigated grass, the accuracies of the available energy 

and aerodynamic resistance measurements are of a great importance on the 

evapotranspiration relative errors. Under water stress, the canopy resistance becomes 

the most important term to evaluate. The vapor pressure deficit is fundamental for 

both cases (Rana and Katerji, 1998).  

 

2.2.1.2. Uncertainty of the weather data  
For the estimation of daily ET0 using the Penman-Monteith model, various site 

specific meteorological variables are required as inputs. These meteorological data - 

solar radiation, temperature (maximum and minimum), wind speed and relative 

humidity -  include some degree of both random and systematic error in their values 

that may result in inaccurate and/or discontinuous ET estimates (Ley, 1995). These 

errors may include inaccuracy of recording device/faulty instruments, poor 

maintenance and/or poor device calibration, observational error, and data processing 

error (Rim, 2004 and Ley, 1995). Meteorological data collected from non standard 

weather siting configurations can introduce additional errors in PM model estimates 

(Ley, 1995). The parameters affected by any error or inaccuracy in these variables are 

the vapor pressure deficit, saturation vapor pressure, actual vapor pressure, slope of 

saturation vapor pressure curve at mean air temperature, barometric pressure, 

psychometric constant, weighting function, net radiation, delta, and  latent heat of 

vaporization.  

 

Inaccuracy of meteorological instruments is obtained from the manufacturer’s 

specifications and in general the followings are assumed to be reasonable values. The 

radiometers used for the measurement of the radiation have a 5% inaccuracy from the 

true value. The Anemometers for airspeed measurement have two phase error 

functions specified from the manufacturer. If the air speed is less or equal to 10 m s-1, 

the error function is 0.30 m s-1 due to frictional resistance threshold of the instrument; 
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if the air speed is higher than 10 m s-1, the error function will be 0.13*air speed value. 

Psychrometers for Relative humidity measurement have 1 to 3% inaccuracy 

depending on the RH values. The measurement of temperature is less accurate at low 

air speed and has a potential error of 0.5 degrees Celsius per single observation (Rim, 

2004). 

 

Limited research has been conducted to estimate the effect on ET0 estimates of random 

and systematic errors in the meteorological data measurements. Camillo and Gurney 

(1984) examined the sensitivity of evaporation to the meteorological inputs for 

vegetated and bare field along a one day period. They added two types of simulated 

errors to weather data: a constant bias and a randomly generated error.  A Monte Carlo 

simulation was used to generate the random errors. The evaporation was estimated 

with a numerical model of water balances and soil surface energy.  It was found that 

the errors in evapotranspiration were larger because of biases than as a result of 

random errors. Furthermore the errors on evapotranspiration were comparable to those 

of analytical and numerical methods.  Meyer et al. (1989) did a similar work as 

Camillo and Gurney (1984) but expanding the estimation of potential 

evapotranspiration (ETc) for one growing season for 1985 from four weather stations 

in Nebraska. They used the Penman method (Doorenbos and Pruitt, 1977) to estimate 

the accuracy of ETc. They simulate random error using Monte Carlo simulation and 

introduce a positive and negative bias in the meteorological data. Their conclusion was 

that the calibrations of solar radiation and relative humidity sensors were more critical 

than that of temperature and wind speed. Moreover, they found that both systematic 

and random errors produce the same effect on the accuracy of ETc.  

 

The accuracy in ET0 is not only dependant on the weather data acquisition but also on 

the local environment and siting of a weather station.  Weather stations should meet 

some siting criteria including the regional, local and surrounding environment criteria 

(http://wwwcimis.water.ca.gov/cimis/infoStnSiting.jsp, 2010). For example, some 

http://wwwcimis.water.ca.gov/cimis/infoStnSiting.jsp�
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CIMIS stations do not meet all the siting criteria due to inadequate fetch that leads to 

bias in the weather measurements. Allen et al. (1983) studied the effect of weather 

station siting on ET estimates in Southern Idaho and found 17% and 21% ET0 

overestimation for the season and for the peak month of July respectively due to siting. 

Van Zyl and DE Jager (1992) suggested that in an irrigated field surrounded by dry 

regions, the advected energy with limited upwind fetch increases the ET0 value. 

Adjustment of air temperature and air vapor pressure data for arid areas was 

performed in order to decrease the error in the data and consequently in ET0 (Allen et 

al., 1989 and Allen and Pruitt, 1988). 

 

Another aspect of uncertainty in weather data is microclimate variability. When 

irrigation scheduling on a particular farm is based on weather data from a station some 

distance away, the local climate variability contributes to uncertainty of ET0. This 

aspect proved to be significant in the case study conducted for this thesis.  

 

In general, weather stations provide ET0 estimates at a specific weather station site. 

But, due to the interdependence between climate characteristics and topographical 

features, ET0 is spatially variable (Mardikis et al., 2005). Phillips and Marks (1996) 

studied and quantified the errors of the propagation of interpolated input variables 

through a model of potential evapotranspiration around the Columbia River basin by 

interpolation using kriging. A cross-validation was used to compute the interpolation 

errors as the difference between observed data and kriged estimate followed by a rank 

correlation among these errors and their input data. Finally a Monte Carlo simulation 

was used to create a statistical distribution at each grid point for each input.  A map 

was generated from the above steps and showed the spatial patterns of PET and their 

spatial uncertainty. The coefficient of variation of the PET estimates varied from 14% 

to 27% for 10-km grid cells. 
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To estimate regional ET, remote sensing techniques on a large scale are often used. 

The disadvantage of this method is that it doesn’t give instantaneous estimates of ET. 

The average error based on a remote sensing model was estimated to be about 12% 

when compared with daily integrated Bowen ratio measurements in China (Xu et al., 

2005). In general, the Bowen ratio fluctuation are determined by soil water content, 

the difference between turbulent transportation of sensible heat flux and that of vapor 

flux, and the difference between molecular diffusion of vapor flux and that of sensible 

heat flux (Xu et al., 2005). Furthermore, a regional monitoring of the daily ET 

combining a 2-source data model with satellite data showed approximately 10% of 

estimated available energy not accounted for. The accuracy from wider data scale 

from the CarboEurope project dataset gave a value close to 1 mm day-1 (Sanchez et al., 

2008). 

 

CIMIS is currently exploring different options for mapping ET0 on a statewide basis. 

A CIMIS ET0 zones map developed by DWR and UC Davis is divided into 18 zones 

depending on long-term monthly average ET0 (Figure 2.1). Due to a lack of data, only 

rough estimates were made for mountainous area. The map illustrates the variability 

between stations within single zones and between all zones. Depending on this map 

and the average values of ET0, the average standard deviation of the reference ET 

between estimation sites within a zone is 0.01 inches per day for all sites and months 

(http://wwwcimis.water.ca.gov/cimis/cimiSatEtoZones.jsp, 2008-2010).  In 2007, 

CIMIS made available to the public a spatial daily ET0 maps for California.  The 

method for ET0 interpolation is presented in Hart et al. (2009) and is based on the 

ASCE-PM ET model. The authors integrated satellite and ground station data to create 

this map. 

 

2.2.1.3. Intrinsic uncertainty of Penman-Monteith model  
Reference evapotranspiration possesses an intrinsic error arising from the errors 

inherent in the general equation of the PM ET0. The errors are due to the different 

http://wwwcimis.water.ca.gov/cimis/cimiSatEtoZones.jsp�
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parameters used in the formulation of the model (canopy resistance, aerodynamic 

resistance, albedo…) and are related to the original data used to calibrate the PM ET0 

model. The error in daily ET estimates has been considered to follow a normal 

distribution (Wright and Jensen, 1978).  

 

Some studies have tested the PM ET0 model by comparing it to daily lysimeter 

measurements of grass or alfalfa ET data.  

• Allen et al. (1989) found that climate and locations resulted in a big variation 

in errors of the ET estimates. Monthly average estimated Penman-Monteith ET 

compared with 11 worldwide lysimeter data showed standard errors of the 

estimates of 0.36 mm d-1 and 0.52 mm d-1 for all months and Peak months 

respectively. For the daily comparisons, the Penman-Monteith model provided 

a standard error of ET estimates of 0.77 mm d-1 and 0.70 mm d-1 for all months 

and peak months respectively.  

• In a semi arid, windy region with an advective climate (Bushland, TX), two 

studies compared the estimated reference grass and alfalfa ET model against 

the lysimeter measured ET.  The standardized ET0 calculations correlated well 

with measured grass ET under reference conditions. During the midseason 

(SE=1.025 mm d-1, R2=.70, Slope= 0.765, Intercept= 1.38) (Howell et al. 

1998). The alfalfa PM with estimation methods for aerodynamic resistance 

(ra), canopy resistance (rc) and net radiation (Rn) taken from ASCE manual # 

70 matched better with measured alfalfa ET under non-stressed, ideal 

conditions than the grass version (SE=0.83 mm d-1, R2=0.90, Slope= 0.98, 

Intercept= 0.69; Evett et al., 2000).  

 

2.2.2. Uncertainty of the Crop Evapotranspiration  
Errors arise in the use of crop coefficients to estimate crop ET from ET0 estimates. 

Allen et al. (2005) related the errors in estimating irrigation scheduling, the errors in 
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prediction of evaporation in wet soil and the errors in crop acreage identification to the 

errors in ETc.  

 

2.2.2.1. Uncertainty of crop coefficient  
Crop coefficients depend on numerous factors causing large uncertainties in their 

estimation. These factors include the difference in planting density and cover, stage of 

growth of the crop, difference in varieties, soil moisture, the equation that is used to 

estimate ET0 (Temesgen et al., 2005) and the variation in aerodynamic resistance 

between the reference crop and the crop of interest. Of these, the main drawback for 

the Kc-based method is that this method does not adequately take into account the 

differences in aerodynamic resistance between ET0 and the crop ET. The wind effect 

is accounted for in the ET0 equation, but there is no adjustment for wind in the crop 

coefficient. The increase in evapotranspiration at higher wind speed is larger for crops 

having lower aerodynamic resistance than ET0 (personal consultation with Rick 

Snyder, 2008). 

 

Another uncertainty of Kc is related to the Kc-curve. Expert opinions usually assume 

that, on any given day, the real Kc is normally distributed about the mean Kc value 

(personal consultation with Rick Snyder, 2008). According to Allen et al. (2005), the 

uncertainty of Kc is due to the conditions under which the Kc values were determined. 

It is assumed that the FAO-56 tabulated Kc values were measured under optimal 

growth conditions with full water supply, limited salinity, and high agronomic 

management. Therefore, the use of published Kc values might not be representative of 

the real growth conditions.  

 

2.2.2.2. Uncertainty of stress factor estimates, Ks  
The water stress coefficient (Ks) is used to account for the effects of soil water stress 

on crop ET by reducing the value of the crop coefficient. Following the approach used 
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in the FAO CROPWAT program, Ks is equal to 1.0 when there is no soil water stress 

i.e. soil moisture content is between field capacity (FC) and critical depletion level (P). 

Ks declines linearly from 1.0 to 0.0 when the soil moisture content is between the 

stress level (P) and permanent wilting point (PWP).  

 

There is high uncertainty where the stress level of the crop begins. This uncertainty is 

related to soil type, crop varieties, and weather conditions. The same can be said on 

the functional form of Ks expressed as a function of soil moisture content.  There are 

few studies done on the uncertainty of Ks. Nuss (1982) investigated the effects of 

deficit irrigation on consumptive use of water for a winter wheat field. The author 

tested the Ks algorithm and two other algorithms for estimating the reduction in crop 

ET under low soil moisture conditions in order to predict ET response to low soil 

moisture. Daily ET was measured by a water balance based on multiple neutron probe 

measurement, but the uncertainty of crop water use was very large and the results were 

inconclusive.  
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3.  Application of the analytical framework: a case study in the Sacramento 

Valley 

 

This chapter presents an analytical framework for quantifying uncertainty in crop ET 

estimates and outlines the results of a case study application of that analytical 

framework. This chapter develops perspectives on the characteristics and order of 

magnitude of ET based on a case study of the uncertainty of ET estimation for a 

hypothetical farm in the Sacramento Valley.  It also proposes simple, low cost 

strategies for reducing uncertainty of climatological data in order to reduce the 

uncertainty of ET estimates. By doing so, we introduce more complete information 

about what causes the error in ET0 estimates in the same microclimate of the 

Sacramento Valley and the magnitude of its relative error.  

 

3.1. Study Area  
The area of interest is an irrigated agriculture area in California’s Central Valley 

(Figure 3.1). This valley stretches approximately 800 km from north to south. The 

northern part, the Sacramento Valley has a hot Mediterranean climate with hot and dry 

summers and cool, foggy and damp winters according to Koppen climate 

classification. The southern part known as the San Joaquin valley is drier and semi-

arid in some places. The total area of the Central Valley is around 110 000 km2. The 

Sacramento River flows south for 719 km, through the northern Central valley of 

California constituting the main source of water for irrigated agriculture in this region 

(http://en.wikipedia.org/wiki/Sacramento_River, 2010). 

 

 

 

http://en.wikipedia.org/wiki/Koppen_climate_classification�
http://en.wikipedia.org/wiki/Koppen_climate_classification�
http://en.wikipedia.org/wiki/Sacramento_River,�
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Figure 3.1 The Central Valley of California. 
   

Our case study encompasses three CIMIS weather stations: Gerber, Durham and 

Orland (Figure 3.2). These stations are located in the northern district of California, 

more specifically in the northern part of Sacramento valley. Their geographical 

locations are given in Table 3.1. This region is a rural area situated approximately 110 

miles from the capital, Sacramento. Crops in this region are predominately tree crops 

(almonds, plums and peaches), row crops, tomatoes and beans   

(http://wwwcimis.water.ca.gov/cimis/infostationsiting.jsp, 2010). 

 

 

 

http://wwwcimis.water.ca.gov/cimis/infostationsiting.jsp�
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Table 3.1 Description of the stations selected for the study 
Station 

name 

Station 

number 

 

County 

Elevation  

AMSL (m) 

Latitude 

(deg) 

Longitude 

(deg) 
Five Points 2 Fresno 86.86 36.34 120.11 
Davis 6 Yolo 18.28 38.54 121.78 
Gerber 8 Tehama 76.2 40.05 122.16 
Durham 12 Butte 39.62 39.61 121.82 
Tulelake 

 

48 Siskiyou 1230 41.96 121.47 
Orland 61 Glenn 60.4 39.69 122.15 

Figure 3.2 Locations of the three CIMIS stations used in this 
study (Tehama, Butte and Glenn). 
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3.2. Sources of Data  
A variety of data sources were utilized in this study, including CIMIS weather station 

data, surface renewal measurements of sensible heat flux, eddy covariance sensible 

heat flux, and lysimeter measurements. These data were used in various combinations 

as discussed below.  

 

3.2.1. CIMIS data  
Weather station data for this study were downloaded from the California Irrigation 

Management Information System (CIMIS), which is a network of automated weather 

stations in the state of California. The system was initiated in 1982 by the California 

Department of Water Resources and the University of California at Davis and now 

includes more than 120 weather stations. The CIMIS station network is well-known by 

the conformity of its weather stations to the reference weather station definition. These 

weather stations have similar sensors calibrated to the same norms. Quality control for 

the data is done before making the data available to the public. CIMIS stations collect 

and report hourly, daily and monthly weather data and the data are available at 

<http://wwwcimis.water.ca.gov /cimis/welcome.jsp, 2008-2010>. 

 

Estimation of bias and random errors in the general model of reference 

evapotranspiration due to spatial location and weather data acquisition, daily (24-h 

sum) ET0 data were derived from daily ET0 estimates for nine growing seasons (1 May 

2000 - 30 September 2008) at the stations: Gerber, Durham and Orland. 

 

For the calculation of the percent reduction in the error of ET0 estimates when 

installing an on-site anemometer, hourly and daily meteorological data were used for 

the estimation of hourly and daily standardized PM ET0. These data were downloaded 

from the CIMIS weather stations for three consecutive years: 2006 through 2008.  
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For the study of the weather data variability, only the data of one growing season (1 

May through 30 September 2006) were used. 

 

Daily and hourly missing and outlying weather data were excluded from the study for 

the three CIMIS weather stations. 

 

3.2.2. Surface renewal data  
The surface renewal (SR) method is a low cost method used to determine sensible heat 

flux, which helps to provide an indirect measurement of ET. It was first investigated 

by Paw U and Brunet in the early 1990s. This method is based on the idea of 

collecting high-frequency temperature data above and within plant canopies (Paw U 

and Brunet, 1991) that are analyzed with a “structure function” Van Atta (1977) to 

quantify ramp events that are common in the temperature traces” (Snyder et al., 2006). 

The repeated temperature rise and drop sawtooth patterns are known as the ramp 

events (Paw U et al., 1995). For instance, a parcel of air is assumed to begin above a 

plant canopy with a characteristic scalar value (the scalar is the temperature). The 

parcel directly penetrates into the plant canopy and starts to be heated by the plant 

canopy. Therefore, a sudden temperature drop was observed when the parcel 

penetrated the canopy, followed by a gradual temperature rise as the canopy heated the 

parcel.  

 

After estimating sensible heat flux density, the SR latent heat flux density (LE) is 

calculated as the residual of the energy balance equation (LE=Rn-G-H). In this 

research, the LE data were converted to actual evapotranspiration (ETa) by dividing by 

the latent heat of vaporization (L=2.45 MJ m-2 mm-1). If the crop is evapotranspiring at 

the potential rate, then ETa=ETc, which is the ET for a well-watered crop.  In this 

research, the crops are assumed to be well-watered, so the variable ETc will be 

commonly used. The ET is computed half-hourly and then the results are converted to 

hourly and daily ETc. The ETc used for two main purposes. The first application of the 
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SR ETc data will be to determine the uncertainty in the seasonal peak Kc values. The 

second purpose is to use these data to validate the error model. The SR datasets that 

were available for the stated objectives are listed in Table 3.2. 

 

Table 3.2 SR locations, period of record, vegetation, and principal references.   
Vegetation 

   

Period 

 

Site 

 

Principal references 
 Cotton Upland 2002 Five Points, CA Munk et al. (2004), pers. 

communication w. R.L. Snyder 

Cotton Pima 2002 Five Points, CA Munk et al. (2004), pers. 

communication. R.L. Snyder 

 Tomato 1997 Davis, CA Pers. communication w. R.L. 

Snyder 

Onion 2005 Siskiyou, CA Pers. communication w. R.L. 

Snyder 

Citrus 2003 Lindsay, CA Snyder and O’Connell (2007), 

pers. Comm. w. R.L. Snyder 

Almonds 2009 Chico, CA Pers. communication w. R.L. 

Snyder 

 

3.2.3. Eddy Covariance data 
The eddy correlation (EC) is a micrometeorological technique for measuring surface 

scalar fluxes. This method is based on direct measurements of the product of vertical 

velocity fluctuations (w’) scalar atmospheric fluctuations (c’) yielding a direct 

estimate of H and LE. A main assumption that underlies the use of EC is that the mean 

vertical velocity is negligible (Twine et al., 2000). 

 

The eddy covariance sensible heat flux estimates of H were used to calibrate the SR 

method and were substituted for SR H data when the SR data were missing.  
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3.2.4. Lysimeter data  
The lysimeter is a measuring device that was originally used to measure soil leaching 

(Kutilek and Nielsen, 1994) and was first used by De La Hire in 1688 in Paris.  

Nowadays, it is a method for determining the evapotranspiration measurements 

through the use of the water budget equation for the lysimeter containers. The 

evapotranspiration is computed as the difference between the amount of 

precipitation/irrigation and that of percolation. The lysimeters are either weighable, 

floating, or non-weighable. Weighable lysimeters provide information about the 

change of water storage for any time period; floating lysimeters measure water vapor 

losses by recording the displacement of water upon which the lysimeter is floating; 

and non-weighable lysimeters collect only the water percolating from the soil column.  

 

Weighing lysimeter data from the University of California research station at Five 

Points were used for the derivation of the intrinsic error in the standardized PM model. 

It was also used to derive ETc errors for one crop. A description of lysimeters sites and 

vegetation types evaluated is presented in Table 3.3.  

 

Table 3.3  Lysimeter locations, period of record, vegetation and principal 
references   

Lysimeter sites Vegetation Period Principal references 

Five Points, CA Tall fescue grass 2004-2006 Vaughan et al.  (2007) 

Pers. Comm. with J.E. Ayars 

Five Points, CA pepper 2005 Pers. Comm. with J.E. Ayars 

 

3.3. Analytical approaches used to model the uncertainty of reference 
evapotranspiration 
This section presents a methodology for characterizing error terms in reference ET 

(ET0) for a hypothetical case study in the Sacramento valley. The methodology 

includes three elements: (i) estimation of random errors and bias in weather station 
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data (due to instrumentation, siting, microclimate variability, etc); (ii) intrinsic random 

errors and bias in the reference ET model (the equation used to estimate ET0); and (iii) 

persistence in the random components of both station and ET model errors. Random 

and systematic weather station errors were analyzed based on the variability of daily 

ET0 (24-h sum) from three CIMIS weather stations in close proximity to each other in 

the case-study area. Intrinsic errors of the Penman-Monteith (PM) model were 

analyzed based on statistical results of a regression between lysimeter measured 

hourly grass ET and the standardized PM ET0 for short canopies (Allen et al., 2005).   

 

Previous studies reported on the estimation of ET0 error without characterizing the 

different components of the error (McCuen, 1974; Saxton, 1975; Beven, 1979; 

Trimmer and Weiss, 1979; Baselga, 1990; Ley et al. 1994; and Rim, 2004).  Most 

researchers have focused on characterizing the impact of meteorological parameters 

on ET0 error based on a sensitivity analysis of reference evapotranspiration equations 

or by using a Monte Carlo approach to generate errors in the meteorological variables 

and studying their effect on evapotranspiration estimates (Camillo and Gurney, 1984 

and Meyer et al., 1989). To our knowledge, however, none of the studies separated 

ET0 into its three main components, i.e. spatial location, weather data acquisition, and 

intrinsic (model) errors. Equally important, none of them addressed the question of 

persistence in errors (serial correlation).  

 

In the past, a variety of different models were used to estimate reference 

evapotranspiration from weather measurements; however, the standardized PM 

approach is now widely accepted by scientists and engineers. Although the accuracy 

of the standardized ET0 equation is considered good, the resultant ET0 estimates are 

still subject to a wide range of uncertainties due to both random and systematic errors 

inherent in all of their input data (Meyer et al., 1989). In terms of systematic and 

random errors, the relationship between estimated reference evapotranspiration and 

true reference ET is represented by Equation 2.16.  
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𝐸𝑇�0𝑖𝑗 = 𝐸𝑇0𝑖𝑗 +  𝜀𝐵𝑗 +  𝜀𝑅𝑖𝑗                                 Eq. 2.16 

 

where 𝐸𝑇�0𝑖𝑗 is the estimated reference ET, 𝐸𝑇0𝑖𝑗  is the “true” reference ET, 𝜀𝐵𝑗  is the 

systematic error  and  𝜀𝑅𝑖𝑗   is the random error for the ith day and for the jth year. Serial 

correlation in both random and systematic errors further complicates the uncertainty of 

ET estimates.   

 

Random errors 
The random errors (εR) are positive and negative deviations scattered about the true 

value that occur by chance (Meyer et al., 1989) and are usually due to: (i) the precision 

of the weather data acquisition used in the ET0 estimation (e.g. unbiased recording, 

equipment design, and equipment operation errors), (ii) the random microclimate 

variations in ET0, and (iii) the intrinsic random errors associated with the Penman-

Monteith model. The main factors in the random error are given by the following 

equation: 

𝜀𝑅𝑖𝑗 =  𝜀𝑅(𝑊𝐷𝐴)𝑖𝑗 + 𝜀𝑅(𝑀)𝑖𝑗+ 𝜀𝑅(𝑆𝐿)𝑖𝑗                                Eq. 3.1                         

where: 

𝜀𝑅(𝑊𝐷𝐴)𝑖𝑗 = random error  in weather data measurements on day i  for 

a given year j (mm d-1) 

𝜀𝑅(𝑆𝐿)𝑖𝑗 = microclimate variation associated with location of 

weather stations on day i  for a given year j (mm d-1) 

𝜀𝑅(𝑀)𝑖𝑗 = random intrinsic error of the reference ET equation on 

day i  for a given year j (mm d-1) 

 

Systematic errors (bias) 

The systematic errors (𝜀𝐵𝑖) are biases where the data mean is consistently higher or 

lower than the true value. They are common in measurements and models (Ritchie et 

al., 1996). The errors are due to: (i) intrinsic bias in the model used to calculate ET0, 
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(ii) consistent microclimate differences related to the spatial location of weather 

stations, and (iii) biases in weather station accuracy (e.g. calibration error, 

maintenance error, and non-standard site error).  The systematic error can be written as 

in Equation 3.2: 

𝜀𝐵𝑗 =  𝜀(𝑊𝐷𝐴)𝑗 + 𝜀(𝑀)𝑗 + 𝜀(𝑆𝐿)𝑗                                   Eq. 3.2 

where: 

𝜀(𝑊𝐷𝐴)𝑗 = error of the weather data acquisition for a year j (mm d-1) 

𝜀(𝑀)𝑗 = error of intrinsic/inherent model for year j (mm d-1) 

𝜀(𝑆𝐿)𝑗 = error due to spatial location of weather stations for year j 

(mm d-1) 

 

Serial correlation errors 
Since the factors that cause random errors may persist for several days at a time there 

may be a correlation between successive daily errors. To account for serial correlation, 

the method described by Ramsey and Schafer (2002) for performing regression after 

transformation filtering in the autoregressive model is used. The following steps 

summarize the procedure for filtering: 

(i)  Fit the regression of the response on the explanatory variables and obtain 

residuals. 

(ii) Calculate the auto-covariance estimates from the residuals and compute the 

serial correlation coefficients (𝜌𝑘).  

(iii) Compute the filtered values of the response and explanatory variables 

according to Equation 3.3 and 3.4. 

𝑉𝑖 = 𝑌𝑖 − 𝜌1𝑌𝑖−1 …− 𝜌𝑘𝑌𝑖−𝑘                                     Eq. 3.3 

and 

𝑈𝑖 = 𝑋𝑖 − 𝜌1𝑋𝑖−1 …− 𝜌𝑘𝑌𝑖−𝑘                                     Eq. 3.4 

where:  

𝑉𝑖 = filtered response variable at day i (mm d-1)  
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𝑈𝑖 = filtered explanatory variable at day i (mm d-1)  

𝑋𝑖 = original or unfiltered explanatory variable at day i (mm d-1) 

𝑌𝑖 = original or unfiltered response variable at day i (mm d-1)  

𝜌𝑘  =  partial autocorrelation coefficient for lag k to the series of 

residuals from the regression fit of Yi on Xi (dimensionless) 

   

(iv) Fit the regression of the filtered response on the filtered explanatory 

variables and compute the slope, the standard error of the slope and the 

residual standard error. 

 

The statistical analysis software, S-plus, was used to carry out the computation of the 

linear regression and their statistical results, the residuals and the partial 

autocorrelation coefficients. 

 

3.3.1. Modeling uncertainty of weather station data and spatial variability 
In general, weather stations provide ET0 estimates at a specific weather station site. 

When dealing with on-farm irrigation management, however, the ET0 estimates might 

come from a relatively distant weather station. Such ET0 estimates do not account for 

the spatial variability of the weather parameters between the station and the farm, the 

uncertainty due to variations in station instrument calibration nor the variability 

associated with station siting (i.e. the influence of local ground cover, fetch and other 

factors).  

 

For purposes of this case study the statistical characteristics of station errors were 

estimated from the variability observed in data from multiple stations, any of which 

might reasonably be used to estimate ET0 for a given farm. An implicit assumption is 

that there is little variation in true ET0 among those stations. CIMIS has developed a 
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map of ET0 isoquant zones in California (Figure 3.3). The calculated ET0 standard 

deviations within each zone average 0.25 mm per day2

 

.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                             
2 (http://wwwcimis.water.ca.gov/cimis/pdf /etomap1.pdf, 2008-2010) 

http://wwwcimis.water.ca.gov/cimis/pdf%20/etomap1.pdf�
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Figure 3.3 ET0 zones map for the state of California (CIMIS). 
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The area of the case study corresponds to CIMIS zone 12. Figure 3.4 shows daily (24-

h sum) PM ET0 estimates from each of three CIMIS meteorological stations in that 

zone (Gerber, Orland and Durham). The stations lie in an area of the Sacramento 

Valley where local variations in annual ET0 are minimal. The standard deviation of 

daily ET0 for these three stations averaged 0.46 mm d-1 for April through September 

2008. The cumulative ET0 was determined for each station over that period, and the 

standard deviation of the cumulative totals was 53 mm, which represents 6.5% of the 

season total. totsl total total. total totsl total total.  total totsl total total. 

 

Figure 3.4 Variability of the daily (24-h sum) Penman-Monteith ET0  between 
three CIMIS weather stations for the growing season of 2008, ca. Northern California 
district. 
 

A simple statistical model of weather station errors in ET0 was derived from observed 

variations in the CIMIS estimates of daily (24-h sum) PM ET0 from these three 

stations. Station errors were assumed to include both bias and random errors. The bias 

associated with each weather station was assumed to be constant for each individual 

year, but analysis of the data suggested that the station bias could change from one 

year to the next. It was suggested that such annual shifts in bias might be in response 
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to annual changes in instrument configuration or calibration, as well as evolving site 

conditions.  

 

The uncertainty of weather station estimates of reference ET (uncertainty due to 

spatial location and weather data acquisition) involved simulating the following 

components of error:  

(i) annual values of station bias for individual stations, 

(ii) random daily errors in estimates of ET0 for a hypothetical farm near one of 

the stations, 

(iii) persistence in random daily errors in ET0 estimates. 

 

Nine crop years of historical ET0 data (2000-2008) were used to derive the statistical 

parameters of these components.  Data from days where one or more stations had 

missing data were deleted from the study. The simulation procedure involved the steps 

outlined below:  

 

Step 1: Calculation of daily average ET0 of the three stations (ET0ij_AVG) 

 

A three-station average ET0 (ET0ij_AVG) for each day of the year was calculated 

according to Equation 3.5:  

𝐸𝑇0𝑖𝑗_𝐴𝑉𝐺  =             𝐸𝑇0𝑖𝑗_𝐺+ 𝐸𝑇0𝑖𝑗_𝐷+ 𝐸𝑇0𝑖𝑗_𝑂

3
                         Eq. 3.5 

where: 

ET0ij_AVG = average ET0 of the three weather stations  on 

day i and for a given year j 

ET0ij_G, ET0ij_D, ET0ij_O = ET0 for each of the three weather stations 

Gerber, Durham and Orland respectively on 

day i and for a given year j. 
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These daily three station averages are assumed to be unbiased estimators of true ET0 at 

an arbitrary point in the zone serviced by the three stations. 

 

Step 2: Calculation of daily relative ET0 for each station (𝑅𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛)   

 

Daily ET0 ratios “Rij_G, Rij_D, Rij_O” for the three weather stations were calculated 

according to Equation 3.6 and plotted versus the day of the year as shown in Figure 

3.5. 

𝑅𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛 =   
𝐸𝑇0𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛

 𝐸𝑇0𝑖𝑗_𝐴𝑉𝐺
                                       Eq. 3.6 

where: 

𝑅𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛  = ET0 ratio for the specified weather station at day i for a 

given year j 

𝐸𝑇0𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛  = ET0 for the specified weather station at day i and for a 

given year j (mm d-1) 

 

 
Figure 3.5 Daily ratios for three stations in 2008 ca. Northern California district. 
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Step 3: Calculation of annual average ET0 ratios for each station (Avg Rj_station) 

 

The seasonal average ET0 ratios (Avg Rj_G, Avg Rj_D, Avg Rj_O) for each station were 

calculated for each year according to Equation 3.7. Since the average of a purely 

random component of error will approach zero for a large sample average (i.e. a full 

season average) a deviation from 1.00 in the seasonal average ET0 ratio is assumed to 

represent bias due to weather station location and instrumentation. Figure 3.6 shows 

the variability of annual average ratios for the three stations over the nine growing 

seasons, a total of 27 random values of station bias.  

𝐴𝑣𝑔 𝑅𝑗𝑠𝑡𝑎𝑡𝑖𝑜𝑛 =
𝑆𝑢𝑚 𝑅𝑖𝑗𝑠𝑡𝑎𝑡𝑖𝑜𝑛  

𝑛
                                    Eq. 3.7 

where: 

Avg Rj_station = average ET0 ratio for each weather station at year j 

n = number of included days per year 

 

 

Figure 3.6 Variability of annual average ratios ca. northern California district. 
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Step 4: Derivation of statistical distribution for normalized weather station bias 

 

The 27 yearly average ET0 ratios shown in Figure 3.6 were assumed to follow a 

normal distribution with a true mean of µ=1.000 (the calculated mean was 2.5 x 10– 4). 

The calculated standard deviation was σ = 0.043

 

.  

This statistical distribution can be used to generate simulated, normally distributed 

random variates, γ ~ N (µ, σ), each representing a simulated annual ET0 ratio (a 

normalized bias) for a single station for a single year. Figure 3.7 shows a histogram of 

100 simulated values of the ET0 ratio.  

 

 

Figure 3.7 Histogram of simulated (1+random bias) ca. northern California 
district.  
 

Step 5: Simulation of weather station bias 

 

The ET ratios thus generated were used to simulate annual bias values in ET0 estimates 
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uncertainty for an individual day (𝜀𝑊𝑆 𝑏𝑗) is then the product of the observed three-

station average ET0 and a simulated ratio subtracted from 1.000 (Equation 3.8). 

                             𝜀𝑊𝑆 𝑏𝑗 =  𝜀(𝑊𝐷𝐴)𝑗 + 𝜀(𝑆𝐿)𝑗 = 𝐸𝑇0𝑖𝑗_𝐴𝑉𝐺 ∗ �1 − 𝛾𝑗�                         Eq. 3.8 

 

The above procedure was used in the present case study to model the systematic error 

(annual bias) associated with individual weather station estimates of ET0 when such 

estimates are used for irrigation scheduling at a site some distance removed from the 

station. The present case study postulates a hypothetical field located within a 20 miles 

radius from the three CIMIS weather stations (Gerber, Durham and Orland).  

 

Verifying the simulation of weather station bias 

 

For purposes of verifying this statistical model, a series of 100 simulated annual bias 

values were generated by Monte Carlo simulation, using the mean and standard 

deviation of bias derived in Step 3 (0.00 and 0.043). Each generated value was 

assumed to be constant for a full season. These systematic errors were used to 

calculate daily values of reference ET for the entire period of nine years using 

equation 3.8. Details of the verification process are shown in Appendix A. Tables A.1 

and A.2 of Appendix A present a summary of the absolute and relative error of the 

daily and seasonal cumulative ET0. The average standard deviation of simulated bias 

due to weather station factors is 0.265 mm for daily errors and 38.255 mm for 

cumulative seasonal errors. The relative error of bias is therefore 0.0459, which 

compares reasonably well with the original data average of 0.043.  

  

Assessing serial correlation 

 

Note that the foregoing analysis did not account for serial correlation in the sequence 

of annual bias values. The data available to this study were insufficient for evaluating 

persistence in annual bias. However, it must be supposed that serial correlation in 
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annual bias is likely, since some factors such as siting and microclimate patterns will 

persist for extended periods.   

 

On the other hand, the available data were sufficient to investigate the possibility of 

persistence in the random daily component of error. Modeling of persistence was done 

as outlined in the following additional steps: 

 

Step 6:  Derivation of random error time series 

 

To deal with persistence in the random component of daily errors, time series of daily 

error data were derived for each station and year; giving a total of 27 series. The 

annual average (Avg Rj_station) was subtracted from each daily ratio (Rij_station) for each 

corresponding year and station. Table 3.4 summarizes the standard deviations of the 

random component of daily errors for each series (Rij_station - Avg Rj_station). Given three 

weather stations, 9 years and 153 days, 4131 data points of the difference were 

obtained with zero average and standard deviation 0.056

 

.  

Table 3.4 Summary of the standard deviation of the random component of daily 
errors (Ri_station- Avg Rj_station) due to weather stations uncertainty in ET0 estimates 

  SD of (Ri_station- Avg Rj_station) 
Year Glenn Gerber Durham 
2008 0.053 0.049 0.061 
2007 0.041 0.052 0.053 
2006 0.075 0.051 0.073 
2005 0.047 0.057 0.093 
2004 0.033 0.042 0.052 
2003 0.047 0.050 0.056 
2002 0.040 0.054 0.061 
2001 0.055 0.051 0.071 
2000 0.064 0.061 0.072 
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These daily differences between the ET ratio for each station and the average ET ratio 

for all three stations are assumed to represent the random component of daily errors at 

each individual station. Simulation of random daily errors therefore involved first 

generating random values of the ET ratio difference, with mean zero and standard 

deviation of 0.056. The ET ratio differential is then converted to an absolute error (in 

units of mm per day) by multiplying the simulated ET ratio differential by the nominal 

ET for the given day.  

 

As a preliminary test of this simulation procedure, random daily errors for 100 series 

of 153 days each year were generated; the histogram in Figure 3.8 illustrates the result.   

  

Figure 3.8 Histogram of generated random error, 2008.  
 

To demonstrate that the model of random errors accurately represents the original 

distribution of random errors, a series of 100 simulated daily random errors were 

generated for each year. The results are illustrated by the histogram in Figure 3.8, and 

are tabulated in Appendix A. The average standard deviation of the simulated random 

errors is 0.326 mm d-1, or 5.653% (Table A.3) of the mean daily ET0, equivalent to a 

standard deviation of 0.0563 in the normalized ET ratio error. This value confirms that 

the simulation is an accurate representation of the original distribution which had a 

standard deviation of 0.056.The absolute value thus generated of daily random error 
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(0.326 mm d-1) has a higher value than that of daily systematic error (0.265 mm d-1) 

derived earlier. As anticipated, the cumulative random error of the growing season 

approaches zero (0.473%; Table A.4). 

 

Step 7: Evaluate serial correlation within the random error time series 

 

As described above, the daily random error due to spatial location and instrumentation 

is calculated according to Equation 3.9 for each station.  

𝜀𝑅𝑖𝑗 =  𝜀𝑅(𝑊𝐷𝐴)𝑖𝑗 + 𝜀𝑅(𝑆𝐿)𝑖𝑗 = 𝐸𝑇0𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛 ∗ �𝑅𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛 − 𝐴𝑣𝑔 𝑅𝑗𝑠𝑡𝑎𝑡𝑖𝑜𝑛�      Eq.3.9  

 

Serial correlation in the random error of ET0 estimates was derived using the 

methodology described previously. This study computes the independent components 

of the random error in a time series (white noise).  

 

The residuals (random error) of reference ET and their partial autocorrelation function 

(PACF) at different lags at 95% confidence level (± 2
√𝑁

; where N is the sample size) 

were computed using the longest time series of reference ET for each station.  Details 

for all three stations are shown in Appendix B. A 95% confidence interval around the 

zero line is included. The critical value for the correlation coefficient should fall 

within this interval to the null hypothesis to be considered significant. We observe that 

most PACF at lag 1 falls within the 95% confidence interval for Glenn and Durham 

station (Table B.1 and B.3).  Two years (2008 and 2002) having a small sample size 

were disregarded. The AR is appropriate up to lag 3 for Gerber station with a PACF> 

95% CI (Table B.2).  

 

The partial autocorrelation plot of serial random error shows clear statistical 

significance for lag 1 at Glenn station in 2003. The PACF is equal to 0.55 at lag 1 and 
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lag 0 is always 1 (Figure 3.9). The next few lags are far from the borderline of 

statistical significance ((±2/√𝑁) = 0.16).  The order of the AR model is one.  

 

Figure 3.9 illustrates the results for Glenn station in 2003, results which were 

comparable to the other time series for all three stations. The partial autocorrelation 

plot of serial random error shows clear statistical significance for the PACF equal to 

0.55 at lag 1. The next few lags are far from the borderline of statistical significance 

((±2/√𝑁) = 0.16), so the order of the AR model is one. 

 

Figure 3.9 Partial autocorrelation plot of serial random error in 2003 ca. Glenn 
station, California (confidence intervals shown as dotted lines).  
 

Continuing with derivation of the model of persistence, the independent component of 

the random error in ET0 estimates was computed according to the following equation: 

 

𝜀𝐹𝑅(𝑊𝑆)𝑖𝑗 = 𝜀𝑅(𝑊𝑆)𝑖𝑗 − 𝜌1𝜀𝑅(𝑊𝑆)(𝑖−1)𝑗 …− 𝜌𝑘𝜀𝑅(𝑊𝑆)(𝑖−𝑘)𝑗           Eq. 3.10 

where:  
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𝜀𝐹𝑅(𝑊𝑆)𝑖𝑗 = filtered random error due to weather station uncertainty 

at day i for a given year j (mm d-1)  

𝜀𝑅(𝑊𝑆)(𝑖−𝑘)𝑗 = original or unfiltered random error due to weather 

station uncertainty at day i-k for a given year j (mm d-1) 

𝜌𝑘  =  partial autocorrelation coefficient for lag k to the series 

of random error (dimensionless) 

 

Table B.4 and B.5 present a summary of daily and cumulative random error (white 

noise) as absolute and relative values after accounting for serial correlation. The 

average standard deviation is 0.244 mm

 

 daily (4.308%) and 0.12 mm per season 

(0.01%) for the three stations along 7 years. The standard deviation of daily 

independent component of random error is 0.244 mm d-1. The cumulative value of the 

random error (independent component) is 0.05% on average. When accounting for 

serial correlation, the cumulative random error approaches more zero than without 

accounting for serial correlation since the white noise mean should be zero. 

The random error at time (i) is then predicted from the random error at time (i-1). The 

relationship between 𝜀𝑅𝑖∗   and  𝜀𝑅(𝑖−1)
∗  is assumed to be linear since linearity is implied 

by the correlation coefficient.  𝜀𝑅𝑖∗  is given by the following equation: 

 𝜀𝑅𝑖∗ = 𝑎0 + 𝑎1 𝜀𝑅(𝑖−1)
∗ + 𝜉𝑖                                        Eq. 3.11  

where:  

𝑎0 = the intercept of the linear regression between random errors  𝜀𝑅𝑖∗  

and  𝜀𝑅(𝑖−1)
∗  (mm d-1)  

𝑎1 = the slope of the linear regression between random errors at 

different times (-) 

𝜉𝑖 = the residual standard error (independent component) of the 

linear regression between random errors at different times (-) 
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The intercept a0 is assumed to be zero; otherwise, if  𝜀𝑅𝑖∗ =0, there would be a non-

negative value of persistence term. The absolute random error averaged 5.613 % of the 

mean daily ET0 (Table B.6) and 1.287% of the total season ET0 (Table B.7) 

 

Step 8: Computation of the estimated ET0 after simulating the uncertainty of weather 

station estimates of reference ET (random and systematic errors due to spatial 

location and weather data acquisition) 

 

The true ET will be the result of introducing both random and systematic error due to 

spatial location and weather data acquisition into the value of ET0 obtained from the 

weather station that is used for irrigation scheduling (Equation 3.12) 

 

ET0ij_estimated =

ET0ij_station + ET0ij_station × �1 − 𝛾𝑗� + ET0ij_station × (𝑅𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛 − 𝐴𝑣𝑔 𝑅𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛)                                                                                                   

Eq. 3.12 

 

When accounting for serial correlation in daily ET0 errors, the daily total error was 

0.416 mm d-1 (7.743%) and the cumulative total error was 39.993mm (4.735%) 

(Tables B.7 and Table B.8).  

 

3.3.2. Modeling the intrinsic uncertainty of Penman-Monteith model 
This section of the study was conducted to evaluate the accuracy of the standardized 

Penman-Monteith ET model and to quantify its errors (24-h sum, section 2.1.1). Both 

random and systematic errors in the model were computed by analyzing the deviation 

of the daily (24-h sum) standardized PM ET0 data from the measured grass ET using a 

lysimeter. The total error between observed and computed ET0 includes the lysimeter 

error, the weather measurement error and the intrinsic error (Ley, 1995). 
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Lysimeter data enclose some inaccuracies in its values due to the instrument errors, 

natural conditions disturbance and observation errors.  Ritchie et al. (1996) reported 

the possible errors that exist in ET measurements. They believed that the main cause 

of a biased error is in identifying exactly the effective area of a lysimeter, which is not 

the actual area of the lysimeter soil (Makkink, 1959). Even in a highly managed 

lysimeters, biased error can be as high as ± 10% due to overlapping of vegetation from 

lysimeter area with the surrounding area. In our study, our error equation is retrieved 

from the computation of linear regression between standardized PM ET0 and grass 

lysimeter at FivePoints, California. A correction factor should be made to account for 

the exact crop canopy surface area that contributes to the lysimeter evapotranspiration. 

Usually, for tall crops the measured ET to the mid wall-area should be adjusted. 

However, for short crop few plants stage out the mid wall-area of the lysimeter 

(Howell et al., 1998). Therefore, no correction factor will be applied since the crop 

grown in the lysimeter was a short reference crop “grass” and it was mown at different 

time interval to a height of 0.1 m (Vaughan et al., 2007). Consequently, this error will 

not be introduced in the intrinsic error calculation. Howell et al. (1998) performed a 

similar comparison at Bushland, Texas and decided not to apply a correction factor to 

the grass lysimeter data. 

 

Small errors exist in the weather measurement data because of routine calibration and 

quality control of the data before being available to the public. 

 

For the purpose of this study, we picked grass crop to be consistent with the CIMIS 

reference crop.  Hourly ET data of a well-watered, tall fescue grass measured at the 

West Side Research and Extension Center near Five Points, California using a 

weighing lysimeter (2m x 2m x 2m) was used. The lysimeter, which is managed by the 

USDA-ARS, was surrounded by an irrigated 2 ha grass.  A CIMIS weather station is 

located on the irrigated grass within about 15 m of the lysimeter. Daily sub-surface 

drip irrigation is applied to the lysimeter. Vaughan et al. (2007) provided additional 



46 
 
details about the lysimeter and the site. The hourly standardized PM ET0 data were 

downloaded for the growing season of 2004.  After inspecting both sets of hourly data, 

all problematic, outlying or missing data were deleted as well as their corresponding 

daily values. Considerable night-time hourly ET0 values from lysimeter were removed 

from the dataset since transpiration is negligible at night unless the grass plot is wet 

from something other than dew formation, in addition to significant warm air 

advection (Ventura et al., 1999). Days with appreciable precipitation were also 

excluded since rainfall can affect the soil water balance in the tank.  
 

There are many assumptions that underlie the use of this method: (i) Lysimeter, 

weather measurements and intrinsic errors are considered independent, (ii) the 

lysimeter error is negligible compared to the model error, and (iii) the weather 

measurements errors are small due to the highly calibrated CIMIS weather stations. 

 

Computation of random and systematic errors separately 

 

Linear regression analysis was performed on the daily (24-h sum) estimates with the 

standardized PM ET0 as the independent variable and lysimeter grass ET0 as the 

dependent one. The general form of this linear regression through the origin is given 

by:  

𝐸𝑇𝐿𝑦𝑠 𝑖 = 𝛽1𝐸𝑇𝑃𝑀 𝑖                                         Eq. 3.13 

where: 

ETPM i = computed daily reference evapotranspiration using the 

standardized of PM equation at day i (mm d-1) 
ETLys i =  measured evapotranspiration using a lysimeter at day i  

(mm d-1) 
𝛽1 =  slope term of the bias 
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Assessing systematic and random error due to model error without serial 

correlation in daily ET0 errors  

 

The daily ETCPM results are plotted versus the ETLys data (Figure 3.10). The linear 

regression line is very close to the 1:1 line indicating that the bias is negligible and the 

lysimeter data correctly predict the standardized PM ET0 model.  At ET0 values less 

than 5 mm, the lysimeter will slightly under predict the PM. 

 

Figure 3.10 Estimated standardized daily (24-h sum) PM ET0 (CIMIS version) vs. 
daily (24-h sum) lysimeter grass measurements, ca.  Five points, Ca. 
 

A statistical model, S-Plus, was used to evaluate the goodness of fit between PM ET0 

model and lysimeter measurements. The linear regression had a slope of 1.0005   

(relative component of the bias) with a standard error of slope 0.006. A zero intercept 

(absolute component of the bias) was used since both ET data should be zero when 

there is no evapotranspiration. The random error is the residual standard error of the 

estimate. It is equal to 0.39 mm d-1. The correlation coefficient (R2) for the best-fit 

linear model was around 0.99 (Table 3.5).  

 

y = 1.0005x
R² = 0.99

0

2

4

6

8

10

0 2 4 6 8 10

Ly
si

m
et

er
 g

ra
ss

  2
4 

hr
 su

m
 E

T 0
(m

m
)

Penman-Monteith 24hr sum ET0 (mm)



48 
 
Table 3.5 Statistical summary of linear regressions between computed daily grass 
reference ET using the PM model and measured grass ET using a weighing lysimeter 
at Five Points, California. 

Method 
No. of 

observations 

Slope            

-- 

SE of Slope        

--  

RSE           

(mm d-1) 
R2 

Unfiltered Standardized   

24-h sum PM  
112 1.0005 0.006 0.39 0.99 

 

Each bias value was assumed to be constant for a full season. The systematic error of 

the model at time i was computed using the following equation: 

 

𝜀(𝑀)𝑖 = 𝐸𝑇𝐿𝑦𝑠 𝑖 − 𝐸𝑇𝐶𝑃𝑀 𝑖  = 𝛽1𝐸𝑇𝑃𝑀 𝑖 − 𝐸𝑇𝑃𝑀𝑖 = 𝐸𝑇𝑃𝑀𝑖(𝛽1 − 1)    Eq. 3.14 

 

The daily randomly generated bias will be approximately normally distributed with 

mean zero mm d-1 and standard deviation 0.03 mm d-1 (Table A.5).  

 

Assessing systematic and random error due to model error with serial correlation 

in daily ET0 errors  

 

The second step was to look for persistence in intrinsic error between day i and day (i-

k) i.e. find the partial autocorrelation coefficient at lag k, ρk based on regression 

residuals then fit the regression with filtered variables (Section 3.3). 

 

Figure 3.11 shows the scatter plot of the error between lysimeter and CIMIS data. It is 

obvious that there is persistence with a tendency for highs to follow highs and lows to 

follow lows (circled segments).    
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Figure 3.11 Time series error at time i for 45 consecutive days in 2004, ca Five 
Points, California. 
 

The analysis begins with an estimation of the residual standard error, slope and 

standard error of the slope of the regression of lysimeter on PM ET0 (linear regression 

of unfiltered variables). Table 3.5 summarizes the fit. The time series of the residuals 

from the regression is computed. To compute the PACF at lag k for the series at time i 

and their values at time i-k, the same continuous data series of 112 consecutive daily 

ET0 was used. Eight missing data were synthetically generated using the 45 

consecutive daily ET0 from the original CIMIS data. This series is the longest 

continuous set of lysimeter data and its corresponding CIMIS data that exist in the 

growing season of 2004. Statistical analyses of this study were made using S-Plus. 

The results were presented as lag plot (Figure 3.12), partial autocorrelation function 

(PACF) at different lag and a 95% significance level (Table B.9). The dotted line is an 

approximate of the confidence interval (95% CI). Above that line, there is a 

considerable correlation and the results are significantly different from zero (p-value 

<0.05). Looking to the graph, Lag 1 and 2 have a high correlation of 0.501 and 0.319 

respectively. The order of the autoregressive model is two. 

 

-1

-0.6

-0.2

0.2

0.6

1

27-Jul 6-Aug 16-Aug 26-Aug 5-Sep 15-Sep

ε*
i  

(m
m

 d
-1

)



50 
 

 

Figure 3.12 Partial Autocorrelation with 95% confidence intervals for the residuals 
of the regression, ca Five Points, California in 2004. 
 

The filtered response (lysimeter) and filtered explanatory (PM ET0) are computed 

according to Equation 3.15 and 3.16: 

 

𝐸𝑇𝐹𝐿𝑦𝑠 𝑖
= 𝐸𝑇𝐿𝑦𝑠 𝑖

− 𝜌1𝐸𝑇𝐿𝑦𝑠 𝑖−1
− 𝜌2𝐸𝑇𝐿𝑦𝑠 𝑖−2

                        Eq. 3.15 

and 

𝐸𝑇𝐹𝑃𝑀 𝑖 = 𝐸𝑇𝑃𝑀 𝑖 − 𝜌1𝐸𝑇𝑃𝑀 𝑖−1 − 𝜌2𝐸𝑇𝑃𝑀 𝑖−2                        Eq. 3.16 

 

where 𝐸𝑇𝐹𝐿𝑦𝑠 𝑖
 is the filtered lysimeter data at day i (mm d-1), 𝐸𝑇𝐿𝑦𝑠 𝑖

the unfiltered 

lysimeter data at day i (mm d-1), 𝐸𝑇𝐹𝑃𝑀 𝑖 the filtered PM ET0 data at day i (mm d-1), 

𝐸𝑇𝑃𝑀 𝑖  the unfiltered PM ET0 data at day i (mm d-1), and ρ1, ρ2 the partial 

autocorrelation coefficient at lag 1 and lag 2 to the series of residuals from the 
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regression fit of lysimeter on PM ET0 respectively. The results of the computation are 

presented in Table B.10. 

 

The linear regression of the filtered response on the filtered explanatory variables is 

presented in Table 3.6. The linear regression had a slope of 1.0006 with a standard 

error of slope 0.0154. As expected, the slope didn’t change but the standard error of 

the slope increased. A zero intercept was used since both ET data should be zero when 

there is no evapotranspiration. The residual standard error of the estimate (random 

error) is equal to 0.3207 mm d-1. The correlation coefficient (R2) for the best-fit linear 

model was around 0.97. 

 

Table 3.6 Statistical summary of linear regressions between filtered computed 
daily grass reference ET using the PM models and filtered measured grass ET using a 
weighing lysimeter at Five Points, California. 

Method 
No. of 

observations 

Slope            

-- 

SE of Slope           

-- 

RSE           

(mm d-1) 
R2 

Filtered standardized 

24-h sum PM 
112 1.0006   0.0154 0.3207 0.97 

 

Computation of total random and systematic intrinsic errors in ET0 estimated 

 

The estimated ET0 will be the outcomes of introducing both simulated systematic and 

random errors due to the intrinsic (model) error into the ET0 average. It is calculated 

according to Equation 3.17. 

 

𝐸𝑇𝑖𝑗_𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 = 𝐸𝑇0𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛 +  𝜀𝑅(𝑀)𝑖 + 𝜀(𝑀)𝑖                   Eq. 3.17                               

where: 

𝐸𝑇𝑖_𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 =  estimated ET0 after introducing systematic and 

random errors due to intrinsic error  
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The relative errors for daily data were computed for the ET0 of three CIMIS stations 

along nine consecutive years (2000-2009) according to the statistical summary of 

linear regressions between computed daily grass reference ET using the PM models 

and measured grass ET using a weighing lysimeter at Five Points, California (Table 

3.7). 

 

Table 3.7 Statistical summary of linear regressions between filtered computed 
daily grass reference ET using the PM models and filtered measured grass ET using a 
weighing lysimeter at Five Points, California. 

Method 
No. of 

observations 

Slope            

-- 

SE of Slope           

-- 

RSE           

(mm d-1) 
R2 

Without accounting for 

serial correlation 
112 1.0005 0.006 0.39 0.99 

Accounting for serial 

correlation 
112 1.0006 0.015 0.33 0.97 

 

The combined random and systematic error value is 0.39 mm (7.05%) without 

accounting for serial correlation (Table A.6) and 0.42 mm (7.66%) with serial 

correlation (Table B.12) 

 

3.4. Analytical approaches used to model the uncertainty of crop 
evapotranspiration 
As mentioned in earlier chapters, the preferred approach used to quantify the 

consumptive use of water by irrigated crops is the Kc based approach (Doorembos and 

Pruitt, 1977; Jensen et al., 1990). Crop evapotranspiration (ETc) estimates is the 

product of reference ET (ET0) by crop coefficient (Kc). Considerable uncertainty is 

associated with both terms. In the previous section, we presented and quantified the 

total error in reference ET0 that accounts for weather station error (weather data 

acquisition and spatial location) and intrinsic errors. In this section, we will mainly 

investigate the order of magnitude of the error in Kc. The uncertainties associated with 
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an empirical crop coefficient can result in ETc estimates that are significantly different 

from actual crop ET (ETa). Consequently, these errors will mislead the growers in 

their irrigation management decisions. 

 

Previous studies have been concerned about the effect of ETa uncertainty when using 

generalized crop coefficient curves to compute the crop evapotranspiration, but to our 

knowledge no research has been done to quantify the errors in Kc. They compared the 

Kc variability between locations for various crops. Allen et al. (2005) estimated the 

accuracy of the annual and monthly crop ET. They compared the ETc to ET estimates 

computed using water balance for eight-year period of study. The FAO-56 Kc based 

approach predicted 6% greater than the total project-wide ET estimated by water 

balance, due to less than “pristine cropping conditions”.  

 

3.4.1. Analytical approaches used to model the uncertainty of crop coefficient  
The crop coefficient Kc is the ratio of well-watered crop ET (ETc) to ET0. It 

incorporates the effects of crop characteristics that distinguish crops from reference 

crops (Allen et al., 1998). There are considerable uncertainties in Kc due mainly to 

variability in crop characteristics: crop height, canopy roughness, leaf area and leaf 

age, as well to fraction of ground covered by vegetation, albedo and soil surface 

wetness. Consequently there is high uncertainty in aerodynamic resistance and surface 

resistance leading to big error in Kc.  

 

In FAO-56, Allen et al. (1998) presented two forms for crop coefficient: single crop 

coefficient (Kc) and dual crop coefficient (Kcb). In this study, the single crop 

coefficient approach will be used. We will assume that the plant is fully irrigated 

during the studied period and not subject to water stress. Kc incorporates the effects of 

both transpiration and evaporation over time. The Kc curve is divided into four main 

growth stage period (initial, development, mid-season and late season) with only one 

single entry for the initial and mid-season Kc (Doorenbos and Pruitt, 1977).    
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Local crop coefficient variability for five different types of crops was quantified in the 

arid region of California to study the effect of such variability on the performance of 

irrigation management.  Two methods were used for this purpose. 

 

The first method was to quantify the increase in residual standard error between two 

linear regressions: (a) for a reference crop and (b) for a field crop. For each crop, a 

comparison was done between measured ET using lysimeter and computed ET0 using 

the standardized (24-h sum) Penman-Monteith ET0 model. Grass and pepper crop 

measured ET data were provided from the weighing lysimeters in 2004 and 2005 

respectively at the University of California Westside Research and Extension Center at 

Five Points, California. A CIMIS weather station (Five Points #2) was located in the 

same research field as the grass lysimeter. The assumptions that underlie the use of 

this method are: (i) the lysimeter and weather station have the same evaporative 

demand (ET0), i.e. the spatial location error is zero and (ii) data acquisition error is 

negligible. Daily comparisons were made using graphics and simple linear regression. 

The linear regressions were forced through the origin since hypothetically ET0 should 

be zero when there is no evapotranspiration. Statistical analyses were reported as 

slopes, standard error of the slope, correlation coefficients (r2), and residual standard 

error (RSE). Figures 3.13 and 3.14 show plots of the daily standardized PM ET0 

versus measured ET using lysimeter for grass and pepper crop, respectively, in Five 

Points, California. The slope value for both linear regressions is equal to the average 

crop coefficient values of grass and pepper crop for July-August. Slope, SE of slope, 

and RSE values for the linear regressions are shown in Table 3.8. The mean slope (Kc) 

is about 1.103 with a standard error of 0.0082 and 1.026 with a standard error of 

0.0098 for pepper and grass respectively. The residual standard error is 0.2597 mm d-1 

for grass and 0.3437 mm d-1 for pepper. The difference in RSE between the linear 

regression of grass lysimeter on PM ET0 and that of pepper lysimeter on PM ET0 (~ 

0.09 mm d-1) is mainly due to pepper crop coefficient variability. 
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Table 3.8 Statistical summary of the linear regressions of measured pepper crop 
ET and standardized (24-h sum) PM ET0 

Crop 

Station/field  

location Year 

Nb. of 

days slope 

SE of 

slope 

RSE 

(mm d-1) R2 

pepper Five Points 2005 32 1.103 0.0082 0.3437 0.78 

grass Five Points 2004 17 1.0259 0.0098 0.2597 0.84 

 

 

Figure 3.13 Daily ET comparisons between the standardized PM ETo Penman-
Monteith equation and the measured grass ET0 for Five Points, California in 2004.  
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Figure 3.14 Daily ET comparisons between Standardized PM ETo and the measured 
pepper ETc for Five Points, California in 2004 
 

The second method was to compare the daily (24-h sum) measured crop ET using 

surface renewal and eddy covariance method to the computed reference ET using the 

standardized (24-h sum) Penman-Monteith ET0 model. Daily ET0 were retrieved from 

the CIMIS database for the selected stations in the vicinity of the field. The data were 

quality tested; missing and/or poor quality data were excluded. The date range of the 

crop’s mid-season was chosen according to experts’ opinion in the studied area 

(personal communication with R.L. Snyder, 2010). The mid-season for field/row crops 

and tree crops is reached when the canopy ground cover reaches about 75% and 70% 

respectively (Snyder et al., 2000). The linear regression was forced through the center. 

Slope, standard error of the slope, residual standard error and coefficient of 

determination were used to characterize the error in Kc. The linear regression is given 

by: 

𝐸𝑇𝑎 = 𝑎 ∗  𝐸𝑇𝑃𝑀                                Eq. 3.18 
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Looking to the definition of ETa, the slope (a) should be equal to the mean Ka, i.e. the 

ratio of ETa to ETo. Equation 3.18 can be rewritten as:  

 𝐸𝑇𝑎 = 𝐾𝑎 ∗  𝐸𝑇𝑃𝑀                                     Eq. 3.19 

 

The observed Ka data were compared to observed or computed Kc from previous 

literature (FAO-56 tabulated Kc, CIMIS crop coefficient). In the study area, the mean 

relative humidity and mean wind speed are different from the values that have been 

used when retrieving the FAO-56 tabulated Kc values (45% and 2 m s-1 respectively), 

the Kc mid-season have been adjusted to this arid climate according to the following 

equation (Allen et al., 1998): 

𝐾𝑐 𝑚𝑖𝑑  (𝑎𝑑𝑗) = 𝐾𝑐 𝑚𝑖𝑑  (𝑡𝑎𝑏) +  [0.04 (𝑢2 − 2)− 0.004(𝑅𝐻𝑚𝑖𝑛 − 45)](
ℎ
3)0.3 

                                                                                                                            Eq. 3.20 

where: 

Kc mid (adj) = Value for Kc mid season growth stage adjusted to the 

climate 

Kc mid (tab) = Value for Kc mid season growth stage taken from FAO-56 

(Table 12) 

u2 = Mean value for daily wind speed at 2 m height over grass 

during the mid-season growth stage ( m s-1) 

RHmin = Mean value for daily minimum relative humidity during 

the mid-season growing stage (%) 

h = Mean plant height during the mid-season growing stage 

(m) 

 

Table 3.9 summarizes the crops used for the computation of errors in Kc, the station 

location used to download the standardized PM ET0 and the meteorological data, the 

tabulated values of FAO-56 Kc and the climate adjusted Kc.  
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Table 3.9 Summary of crops, station location, and parameters used to adjust the 
Kc mid to arid climate, FAO-56 tabulated Kc mid and adjusted Kc mid 

Crop 

Station 

location Year 

U2  

(m s-1) 

RHmin 

(%) h (m) 

Kc mid 

(tab) 

Kc mid 

(adj) 

Cotton1 

 

Five Points 2002 2.44 27.79 1.2-1.5 1.15 1.22 
Cotton2 Five Points 2002 2.44 27.79 1.2-1.5 1.2 1.27 
Tomato Davis 1997 3.11 33.03 0.6 1.15 1.21 
Onion  Tulelake 2005 1.85 17.22 0.3 1.00 1.05 
pepper Five Points 2005 2.24 22.00 0.6 1.15 1.21 
Citrus Lindcove 2003 1.32 33.14 4.0 0.70 0.72 
Almonds Durham 2009 1.53 24.30 5.0 0.90 0.97 
1Pima variety 
2Upland variety 

 

Cotton 

Two sets of ETc measurements for Pima cotton (Gossypium barbandense) and Upland 

cotton (Gossypium hirsutum) were provided for the growing season of 2002 

(published data provided by R.L. Snyder, 2009). Surface renewal and soil water 

depletion methods were used to quantify the ETc. These fields were located about 8 

and 16 km south of Five Points, Ca. The weather data were downloaded from Five 

points CIMIS weather station. More details about the methods of measurement and 

data are provided by Munk et al. (2004). Figures 3.15 and 3.16 show the variability of 

ET0, ETc and Kc for both varieties during June-August 2002. The average Kc was 

higher for Pima variety (mean = 0.92 and standard deviation = 0.0063) than for 

Upland variety (mean = 0.89 and standard deviation = 0.0054) as shown in Figures 

3.17 and 3.18. As reported by Munk et al. (2004), the Kc for both varieties didn’t 

exceed 1.1. Both varieties had lower Kc mid values than those adjusted for climate (Kc 

adj = 1.22-1.27) and those found in DWR Bulletin 113-3 (1975), which reported Kc = 

1.31. In the semi-arid region of Lebanon, a Kc of 1.1 was obtained using a drainage 

lysimeter for both ET0 and ETc measurements (Karam et al., 2006). This small 

variability in Kc can be explained by the lower aerodynamic resistance of the cotton 
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canopy, and the low spatial error of the data acquisition due to the proximity of the 

weather station to the lysimeter.  

 

 

Figure 3.15 Daily plot of crop coefficient reference ET and crop ET for Pima cotton 
during 2002. 
 

 

Figure 3.16 Daily plots of crop coefficient reference ET and crop ET for Upland 
cotton during 2002. 
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Figure 3.17 Daily ET comparisons between the standardized Penman-Monteith 
equation (CIMIS PM ETo) and the measured Pima cotton ETc for Five Points, 
California in 2002. 
 

 

Figure 3.18 Daily ET comparisons between the standardized Penman-Monteith 
equation (CIMIS PM ETo) and the measured Upland cotton ETc for Five Points, 
California in 2002. 
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Tomato 

One year of unpublished tomato ETc data were provided from a field located near 

Davis, California (Personal communication with R.L. Snyder, 2009). The majority of 

actual ET data was measured mainly using surface renewal method otherwise eddy 

covariance method was applied at full canopy cover. The crop coefficient of tomato 

ranged from 0.85 to 1.20 (Figure 3.19). During June, the Kc averaged about 1.016 

(Figure 3.20) and SE of slope 0.0158. This value is about 16% lower than the FAO-56 

adjusted value (Table 3.9) and smaller of what has been reported by Doorenbos and 

Pruitt (1975) (Kc= 1.2). Pruitt and Snyder (1985) and Snyder et al. (1987) reported a 

maximum mid-season coefficient of 1.19 and 1.12-1.16 respectively. Hanson and May 

(2006) found that mid-season Kc varies between 0.96 and 1.09. The RSE had a high 

value of 0.73 mm d-1 (95% confidence intervals are within 2 standard deviations of 

1.46 mm d-1).  

 

 

Figure 3.19 Daily plot of crop coefficient reference ET and crop ET for Tomato 
during 1997. 
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Figure 3.20 Daily ET comparisons between the standardized Penman-Monteith 
equation (CIMIS PM ETo) and the measured tomato ETc for Davis, California in June 
1997. 
 

Onion 

Onion was grown in Siskiyou, California in 2005. The daily actual ET was measured 

using both surface renewal and eddy covariance method. The PM ET0 data were 

downloaded from Tulelake weather station (CIMIS # 91). This station is located about 

20 km from the field and at a high elevation of 1230 m. Figure 3.21 shows the 

variability of ETc, ET0 and Kc. Many problematic data were deleted from the analysis. 

The onions were damaged by a disease at the end of season. The highest actual 

evapotranspiration was 9 mm at the end of July. The average crop coefficient was 

1.251 (Figure 3.22), 23% higher than what was reported in FAO-56. In Texas, the Kc 

was found at fully developed stage equal to 0.9 (Piccini et al., 2007). The variability of 

Kc is high, the RSE is equal to 0.846. The high variability is probably due to the 

location of the station; the weather data are not representative of the field especially 

for wind and precipitation. If it is foggy in the field, the plants will be wet therefore 

the canopy resistance will approach zero. 
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Figure 3.21 Daily plot of crop coefficient reference ET and crop ET for Onion 
during 2005. 
 

 

Figure 3.22 Daily ET comparisons between the standardized Penman-Monteith 
equation (CIMIS PM ETo) and the measured Onion ETc for Tulelake, California in 
2005. 
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Citrus 

To compute the variability of Kc, one growing season of data for citrus old trees (May-

September 2003) was used (published data provided by R.L. Snyder, 2009). Citrus 

was grown in the Lindsay area at Tulare County, California located 19 km from a 

CIMIS station at the university of California Lindcove field station (Snyder and 

O’Connell, 2007). Surface renewal method was used to measure the actual ET. Figure 

3.23 shows the variability of ETc, ET0 and Kc for citrus trees. The Kc varies from 0.8 to 

1.23. The observed linear regression of standardized PM ET0 versus the citrus ETc was 

Y=0.96 X (Figure 3.24). The standard error of the slope was 0.0077. Kc was close to 

1.00 in 2003 and 33% higher of what have been reported in FAO-56 (Kc=0.72) and 

13% higher than the value reported in Hoffman et al. (1980). A fairly big standard 

error has been observed (0.551 mm d-1). This error includes the spatial location, 

intrinsic and instrumentation error. 

 

 

Figure 3.23 Daily plot of crop coefficient reference ET and crop ET for Citrus 
during 2003. 
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Figure 3.24 Daily ET comparisons between the standardized Penman-Monteith 
equation (CIMIS PM ETo) and the measured tomato ETc for citrus, California in 2003. 
 

Almond 

Unpublished data for a mature almond orchard trees were used for the study (personal 

communication with R.L Snyder). The almonds field is located at M& T Ranch about 

10 km west of Chico, California. The trees were stressed after July 15th. This field is 

located in the vicinity of the Durham CIMIS weather station. Surface renewal and 

eddy covariance were used for the ETa measurements. The observed average Kc is 

1.28 which is 35% higher than the FAO-56 tabulated values (Figure 3.25). Sanden 

(2009) reported a range of Kc mid between 1.00 and 1.10.  
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Figure 3.25 Daily ET comparisons between the standardized Penman-Monteith 
equation (CIMIS PM ETo) and the measured almonds ETc for Chico, California in 
1997. 
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between 0.0054 and 0.031.  The residual standard error of the linear regression of ETc 

on ET0 varies from 0.33 mm d-1 to 0.85 mm d-1. It represents the random error due to 

variability in Kc and ET0. The random error of ET0 is the total uncertainty due to 
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This value embeds lots on uncertainty and cannot be computed with accuracy without 

further research on this subject. 
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Table 3.10 Statistical summary of the linear regression between standardized PM 
ET0 and the measured ETc for different crops at different locations. 

Crop 
station 

Location 
Year 

Nb of 

days 
slope 

SE of 

slope 

RSE 

(mm d-1) 
R2 

Cotton1 Five Points 2002 72 0.919 0.0068 0.38 0.83 

Cotton2 Five Points 2002 72 0.885 0.0058 0.33 0.78 

Tomato Davis 1997 32 1.012 0.0148 0.58 0.76 

Onion  Tulelake 2005 20 1.251 0.0318 0.85 0.92 

Citrus Lindcove 2003 139 0.962 0.008 0.55 0.65 

Almonds Durham 2009 91 1.277 0.008 0.40 0.89 
1 Pima 
2 Upland 

 

In California and for irrigation purposes, the Kc used by farmers is often retrieved 

from the CIMIS website. Measured and CIMIS mid-season Kc values are presented in 

Table 3.11. The almonds measured Kc is 11% higher than CIMIS Kc (Table 3.11), 

42% higher than FAO-56 Kc (Table 3.12), and 42% higher than FAO-56 adjusted Kc  

(Table 3.13). These values represent the bias of Kc. All data sets were provided for one 

growing season thus not enough data for Kc are available to develop a statistical model 

of bias in Kc. The bias in Kc in the almond orchard cannot be computed accurately 

since the observed bias is actually a combination of two sources of bias, the weather 

station bias in ET0 and the Kc bias.  

 

 

 

 

 

 



68 
 
Table 3.11 Summary of the variability of Kc (%) between CIMIS and measured 
ETc 

Crop 
Kc_mid 

(measured) 
Kc_mid (CIMIS) Kc bias (%) 

Cotton 0.92 to 0.89 0.95 .3.00 to 6.32 

Tomato 1.02 1.10 7.61 

Onion 1.25 1.20 -4.25 

Pepper 1.10 1.00 -10.30 

Citrus 0.96 1.00 3.84 

Almonds 1.28 1.15 -11.00 

 

Table 3.12 Summary of the variability of Kc (%) between FAO-56 and measured 
ETc 

Crop 
Kc_mid 

(measured) 
Kc_mid (FAO-56) Kc bias (%) 

Cotton 0.92 1.15 20.00 

Cotton 0.89 1.2 25.83 

Tomato 1.02 1.15 11.63 

Onion 1.25 1 -25.10 

Pepper 1.10 1.15 4.09 

Citrus 0.96 0.7 -37.37 

Almonds 1.28 0.9 -41.83 
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Table 3.13 Summary of the variability of Kc (%) between FAO-56 adjusted for the 
arid climate and measured ETc 

Crop 
Kc_mid 

(measured) 

Kc_mid (FAO-56 

adj) 
Kc bias (%) 

Cotton 0.92 1.22 24.59 

Cotton 0.89 1.27 29.92 

Tomato 1.02 1.21 15.80 

Onion 1.25 1.05 -18.84 

Pepper 1.10 1.21 9.05 

Citrus 0.96 0.72 -33.17 

Almonds 1.28 0.97 -30.98 

 

3.5. Analysis of the scale of errors in ET estimates as a function of time interval 
The main goal of this section is to estimate how much errors in irrigation scheduling 

would be increased by the scale of random, systematic, and total error in ET0 and ETc, 

with and without accounting for serial correlation, for different irrigation scheduling 

scenarios. The scenarios to be considered, which represent various combinations of 

root depths, soil types and percentage allowable depletions (MAD), are simply defined 

in terms of total allowable depletion between irrigations; the three scenarios in this 

case were allowable depletions of 50 mm, 100 mm and 150 mm.  

 

Model summary 

 

In general, ET0 estimates used for irrigation scheduling on a particular farm based on 

weather data from a remote weather station site will include: (i) errors due to the 

spatial variability of the weather parameters between the farm and the station, (ii) 

errors due to variations in station instruments, and (iii) intrinsic errors of the 

standardized daily (24-h sum) PM equation. Furthermore, CIMIS ET0 is used in 

conjunction with CIMIS Kc to estimate the consumptive use of water of a crop in a 
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field.  This Kc also embeds some errors not accounted for when scheduling irrigation. 

To our knowledge, no research has been conducted to compute those different types of 

errors and none has accounted for serial correlation that is of equal importance.   

 

For the present case study, the order of magnitude of cumulative random, systematic 

and total errors in ET0 and ETc are estimated for a mature almond orchard in the M&T 

Ranch located about 10 km west of Chico in the northern Sacramento Valley, 

California. Daily evapotranspiration data from the CIMIS weather station at Durham 

is used for irrigation scheduling.  

 

The method of computation of the scale of error in irrigation scheduling is computed 

based on the previously described equations: 

𝐸𝑇�𝑐𝑖𝑗 = (𝐾𝑐 + 𝜀𝐾𝑐) ∗ 𝐸𝑇�0𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛                                       Eq. 2.4                     

 

𝐸𝑇�𝑐𝑖𝑗 = (𝐾𝑐 + 𝜀𝐾𝑐) ∗ ( 𝐸𝑇0𝑖𝑗_𝑠𝑡𝑎𝑡𝑖𝑜𝑛 +  𝜀𝐵𝑗 +  𝜀𝑅𝑖𝑗 )                        Eq. 2.5  

 

where 𝐸𝑇�𝑐𝑖𝑗 is the estimated ETc including the errors of ET0 and Kc (mm d-1), 𝐸𝑇�0𝑖𝑗 is 

the estimated ET0 including random errors (𝜀𝑅𝑖𝑗 ) and systematic errors (𝜀𝐵𝑗) due to 

weather station and intrinsic uncertainty (mm d-1), and  𝜀𝐾𝑐 is the error in the crop 

coefficient estimates (mm d-1) for a given day i and year j. 

  

Based on the methodology described in section 3.3 and 3.4 for the computation of ET0 

and ETc uncertainties, Equation 2.5 can be written as: 

𝐸𝑇�𝑐𝑖𝑗 = (𝐾𝑐 + 𝜀𝐾𝑐) ∗  �ET0ijstation+ ET0ijstation × �γj − 1�+ ET0ijstation(𝛽 − 1) +

                  ET0ijstation×Rij_station−Avg Rj_station+ 𝜀𝑅(𝑀)𝑖𝑗                          Eq. 

3.21                                                 
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where � ET0ijstation × �γj − 1�� is the systematic weather station error (mm d-1), 

�ET0ijstation(𝛽 − 1)� is the systematic intrinsic error of the PM model (mm d-1), 

�ET0ijstation × �Rij_station − Avg Rj_station�� is the random  weather station error (mm 

d-1), 𝜀𝑅(𝑀)𝑖𝑗  is the random intrinsic error  (mm d-1). 

 

Since all random components of error were assumed to be normally distributed it is 

possible that some simulated random errors may have sufficiently large negative 

values to cause the daily simulated ET to be negative.   

 

Where serial correlation was considered in the analysis the random error at time (i) 

was predicted from the random error at time (i-1) as in the following equation: 

 𝜀𝑅𝑖∗ = 𝑎1 𝜀𝑅(𝑖−1)
∗ + 𝜉𝑖                                           Eq. 3.11 

 

where 𝑎1 is the autocorrelation coefficient of the linear regression between successive 

random errors  and 𝜉𝑖  is the residual standard error (the independent component) of the 

linear regression between successive random errors . 

 

Both random and systematic errors were generated using Monte Carlo simulation and 

introduced into the Durham ET0 data (ETij_station). One mid-season series of ET0 data 

were used in the calculation (2009). Data from days where Durham station had 

missing data were deleted from the study. The different parameters used in Equation 

3.21 were estimated in sections 3.3 and 3.4 and are summarized in Table 3.14. The 

CIMIS crop coefficient for almonds was used in the analysis. That coefficient (1.15) 

represented a negative 11% bias relative to the coefficient derived from surface 

renewal data (1.28) obtained in the orchard used in the case study. 

 

Errors in irrigation timing that would be caused by the various components of ET 

error, and by the total error when all components were combined, was analyzed for 
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three alternative scenarios; 50 mm, 100 mm and 150 mm of allowable depletion 

between irrigations. These analyses were limited to the period of highest crop water 

use at mid season (June through September). The analyses were done first without 

accounting for serial correlation, and then again with serial correlation in the random 

error of ET0 estimates.  For each case analyzed the Monte Carlo simulations were 

repeated 100 times. The results outlined below refer to the means and standard 

deviations of results derived from each set of 100 runs.  

 

The simulation process is illustrated by Table 3.15 which presents a partial example of 

one set of simulation runs, this one involving errors in irrigation timing that would be 

caused by the total error when all components of error were combined, for a 50 mm 

allowable depletion between irrigations, when accounting for serial correlation. Four 

partial simulation runs are shown (the four columns titled ETc/Run) spanning three 

irrigation cycles between May 1 and May 29 of 2009. The full analysis included 100 

runs from May 1 through August 31. The sequence is as follows: 

(i) Beginning with May 1, the table shows 1.20 mm estimated ETc based on 

Durham data and the CIMIS crop coefficient. The cumulative value for that 

date is also 1.20 mm. 

(ii) The four simulated cumulative estimates of ETc range from 0.97 mm to 

1.74 mm.  

(iii) On May 2 the CIMIS estimate of ETc is 0.51 mm; the cumulative value is 

1.70mm. The simulated cumulative values range from 0.74mm to 2.84 mm.  

(iv) On May 13 the CIMIS estimated cumulative ETc reached the allowable 

depletion (50 mm) at which point an irrigation would be called for.  

(v) The simulated cumulative values all reached that point one or two days 

earlier. That tendency is due to the -11% bias in crop coefficient which 

results in a lower rate of estimated depletion, and therefore a longer 

interval between irrigations. The impacts of average errors due to bias in Kc 

ranged around 6 mm (12%). 
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By May 13 the average simulated depletion was 60.96 mm, and the standard deviation 

was 6.45 mm, or 11.85%.  The calculated cumulative error between the CIMIS 

estimated cumulative ETc and the simulated cumulative ETc has a mean error of 

+10.76% (6.56 mm).Note that in one instance (the third column on May 2) the 

simulated cumulative ETc decreased from one day to the next, a manifestation of a 

large random negative simulated error due to the assumed normal distribution of 

random errors. 

 

Table 3.14 Summary of the parameters values used in the computation of ETc  
errors without and with serial correlation. 

  

Without serial 
correlation 

With serial 
correlation 

Error source Error type Mean SD Mean SD  

Weather 

i  

Systematic,                  

γj   

1 0.043 1 0.043 

 Random,                       

(Rij_station-Avg Rj_station) 

0 0.056 0 0.043 

Inherent  Systematic,                      

β  

1.0005 0.0056 1.0006 0.0154 

   
Random,                       

εR(M)ij 

0 0.3869 0 0.3207 

 
Bias in crop coefficient (Kc)                  -0.11 
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Table 3.15 Summary of the computation of the errors in irrigation timing caused 
by total error for a 50 mm allowable depletion between irrigations with serial 
correlation 

  
Simulated Cumulative ETc 

   
 

Date 

Cum 
ETcCIMIS       
(mm) 

Cumulative ETc / Run                                                                                     
(mm) 

Mean 
(mm) 

SD             
(mm) 

RE               
(%) 

Error 
(mm) 

5/1 1.20 1.74 1.64 0.97 1.29        
5/2 1.70 2.84 1.98 0.74 1.91     

5/3 4.55 6.19 4.97 3.36 5.42     

5/4 6.03 7.40 6.34 4.75 7.02     
5/5 10.47 11.55 11.54 9.39 12.79     
5/6 15.96 16.86 18.25 15.84 18.17     
5/7 22.62 24.44 26.65 22.82 25.44     
5/8 29.79 32.99 36.13 31.28 33.02     
5/9 35.88 39.97 43.39 38.11 39.83     
5/10 41.89 45.66 51.33 45.48 46.08     
5/11 48.32 51.61 59.18 52.87 53.27     
5/13 54.40 57.05 66.40 60.53 59.82 60.96 6.45 11.85 6.56 
5/14 6.13 5.61 7.70 7.24 6.78     
5/15 13.51 12.97 16.30 16.59 14.87     
5/16 20.61 20.44 24.09 25.33 22.68     
5/17 27.66 27.49 32.29 34.36 30.52     
5/18 34.83 34.09 40.14 42.51 39.63     
5/19 41.53 40.83 46.92 50.41 49.07     
5/20 48.06 46.92 53.51 58.59 57.96     
5/21 54.72 53.37 60.67 67.16 66.95 61.32 5.73 10.46 6.59 
5/22 6.90 6.82 8.23 8.43 8.66     
5/23 13.23 12.07 14.80 15.25 16.66     
5/24 18.71 17.28 21.29 21.15 23.52     
5/25 24.39 21.83 28.32 26.75 30.52     
5/26 31.19 27.61 36.42 34.17 38.89     
5/27 38.01 34.16 45.12 42.08 47.22     
5/28 45.26 40.96 54.51 49.11 55.65     
5/29 52.37 47.49 63.05 56.45 64.47 58.67 6.37 12.16 6.30 
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Impacts of total error 

 

The average daily total error of ET0 due to systematic and random errors in both 

weather station factors and intrinsic model uncertainty was 0.549 mm (11.58%) 

without serial correlation and 0.647 mm (13.433%) with serial correlation, as 

summarized in Tables 3.16 and 3.17.  (Note that the averages and totals referred to in 

the tables refer either to average daily error values or average cumulative errors over 

the period of time required to reach the stipulated allowable depletion.)  

 

The results for the cumulative errors for the three irrigation management scenarios 

show that percentage errors are decreasing as the allowable depletion increases. The 

fact that the percentages decrease with increasing allowable depletion is to be 

expected since the expected value of the sum of errors in ET0 over a number of days 

will approach zero. The bias, a constant, therefore becomes the dominant source of 

cumulative error.  

 

The analysis indicates that if serial correlation is not accounted for the daily and 

cumulative errors will be underestimated. The estimated daily error values are larger 

by 18% when serial correlation is included in the analysis. The effect of serial 

correlation is even greater when considering cumulative errors over an irrigation 

interval, especially for the shorter interval represented by the 50 mm allowable 

depletion. The cumulative errors between irrigation events for the three management 

scenarios are increased by 73% when the allowable depletion is 50 mm, 64% at 100 

mm allowable depletion and 57% at 150 mm allowable depletion and by 43% at a 

cumulative basis (June-August) than those without serial correlation.  
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Table 3.16 Summary of total error in ET0 estimates for different scheduling 
methods without serial correlation 

Scheduling 
method 

Average        
ET0 _station         

(mm) 

Average 
ET0_simulated  

(mm) 

SD of                  
total error in 
ET0 (mm) 

Relative total 
error in ET0   

(%) 
Daily 5.26 5.27 0.55 11.59 
AD=50 mm 52.64 52.73 2.93 5.56 
AD=100 mm 102.81 103.20 5.38 5.22 
AD=150 mm 152.05 152.26 7.70 5.06 
Season total 636.47 637.52 30.49 4.79 

 

Table 3.17 Summary of total error in ET0 estimates for different scheduling 
methods with serial correlation 

Scheduling 
method 

Average        
ET0 _station         

(mm) 

Average 
ET0_simulated  

(mm) 

SD of                  
total error  in 

ET0 (mm) 

Relative 
total error 

in ET0   (%) 
Daily 5.26 5.29 0.65 13.44 
AD=50 mm 52.64 52.85 5.08 9.65 
AD=100 mm 102.81 103.54 8.84 8.58 
AD=150 mm 152.05 152.75 12.12 7.97 
season total 636.47 638.98 39.36 6.19 

 

Impacts of serial correlation 

 

Serial correlation increases the error in ET0, especially the random error. The average 

daily random error of ET0 estimates was 0.489 mm (10.479 %) without serial 

correlation and 0.589 mm (12.361%) with serial correlation (Table 3.18 and Table 

3.19).  The magnitude of the cumulative random errors for the 50 mm allowable 

depletion scenario is 1.6 mm (2.995%) without serial correlation and 4.335 mm 

(8.2%) with serial correlation. The largest increase in error with serial correlation was 

observed for the three management scenarios of allowable depletion around 3 times 

larger than the results without serial correlation.  
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Table 3.18 Summary of random error in ET0 estimates for different scheduling 
methods without serial correlation 

Scheduling 
method 

Average        
ET0 _station         

(mm) 

Average 
ET0_simulated  

(mm) 

SD of                  
random error  
in ET0 (mm) 

Relative 
random error in 

ET0      (%) 
Daily 5.26 5.26 0.49 10.48 
AD=50 mm 52.64 52.65 1.58 2.99 
AD=100 mm 102.81 103.06 2.27 2.20 
AD=150 mm 152.05 152.06 2.75 1.81 
Season total 636.47 636.60 5.87 0.92 

 

Table 3.19 Summary of random error in ET0 estimates for different scheduling 
methods with serial correlation 

Scheduling 
method 

Average        
ET0 _station         

(mm) 

Average 
ET0_simulated  

(mm) 

SD of                  
random error  
in ET0 (mm) 

Relative 
random error in 

ET0   (%) 
Daily 5.26 5.27 0.59 12.36 
AD=50 mm 52.64 52.72 4.34 8.24 
AD=100 mm 102.81 103.26 7.18 6.97 
AD=150 mm 152.05 152.34 9.40 6.18 
Season total 636.47 637.46 22.82 3.59 

 

Impacts of systematic errors 

 

The average systematic errors in ET0 estimates is around 4.75% without serial 

correlation and slightly increased (less than 1%) after accounting for serial correlation 

(Table 3.20 and Table 3.21). The fact that there shouldn’t be a bias between measured 

ET0 using lysimeter and computed ET0 using PM and that the slope (bias) should not 

change with serial correlation is to be expected.Note that serial correlation in the 

systematic component of weather station uncertainty (the simulated annual bias) was 

not included in the computation of the error in ET0 estimates. 
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Table 3.20 Summary of systematic error in ET0 estimates for different scheduling 
methods without serial correlation 

Scheduling 
method 

Average        
ET0 _station         

(mm) 

Average 
ET0_simulated  

(mm) 

SD of                  
systematic error    

in ET0 (mm) 

Relative 
systematic 

error in ET0   
(%) 

Daily 5.26 5.27 0.25 4.74 
AD=50 mm 52.64 52.71 2.49 4.74 
AD=100 mm 102.81 103.19 4.91 4.76 
AD=150 mm 152.05 152.26 7.24 4.76 
Season total 636.47 637.38 30.14 4.74 

  

Table 3.21 Summary of systematic error in ET0 estimates for different scheduling 
methods with serial correlation 

Scheduling 
method 

Average        
ET0 

_station         
(mm) 

Average 
ET0_simulat

ed  (mm) 

SD of                  
systematic error  

in ET0 (mm) 

Relative 
systematic error 

in ET0   (%) 
Daily 5.26 5.28 0.25 4.77 
AD=50 mm 52.64 52.76 2.51 4.77 
AD=100 mm 102.81 103.34 4.93 4.78 
AD=150 mm 152.05 152.47 7.27 4.78 
Season total 636.47 637.99 30.34 4.77 

 

Impact of bias in the crop coefficient  

 

Note that Kc errors were not simulated in this analysis because there was not sufficient 

data available to derive a statistical model of those errors. Instead, the observed bias 

for the almond coefficient based on local surface renewal data (measured Kc=1.28, 

CIMIS Kc=1.1) was used directly in the analysis. The average daily total error in ETc 

estimates due to ET0 and Kc uncertainties was 0.701 mm when the -11% bias due to 

crop coefficient of almonds is included. The standard deviation of daily errors was 

0.702 mm (12 %) without serial correlation.  

 

When serial correlation is taken into account the simulated standard deviation of error 

values are larger by 27% on a daily basis The results of accounting for serial 
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correlation in ETc errors were very close to those in ET0 errors since we do not have 

enough data to develop a statistical model of serial correlation of systematic and 

random error in the crop coefficient. The standard deviations of cumulative errors for 

the three management scenarios are increased by 71% when the allowable depletion is 

50 mm, 66% at 100 mm allowable depletion, 61% at 150 mm allowable depletion 

when compared with those without serial correlation (Table 3.22 and Table 3.23). 

When the bias in the crop coefficient is included in the total error of ETc without serial 

correlation, the estimated systematic error values in ETc (are larger than those of 

random error for the three alternative scenarios (50 mm, 100 mm and 150 mm of 

MAD), however the random error magnitude become the largest component with 

serial correlation (Table 3.24 through Table 3.27).  The absolute errors due to bias in 

Kc were shown in Table 3.19 and 3.20. The mean total error in ETc without accounting 

for serial correlation was 0.7 mm on a daily basis, 6 mm at 50 mm allowable 

depletion, 11.82 mm at 100 mm allowable depletion and 17.45 at 150 mm allowable 

depletion. The average total error ranged approximately 11.5%. 

  
Table 3.22 Summary of total error in ETc estimates for different scheduling 
methods without serial correlation 

Scheduling 
method 

Average        
ETc 

(mm) 

Average 
ETc_simulated  

(mm) 

Average                 
total error 

 in ETc (mm) 

SD of                  
total error        

in ETc (mm) 

Relative 
total  

error ETc  
  (%) 

Daily 6.05 6.75 0.70 0.70 12.10 
AD=50 mm 52.97 59.06 6.08 3.36 6.34 
AD=100 mm 102.84 114.67 11.82 6.01 5.85 
AD=150 mm 152.84 170.29 17.45 8.60 5.63 
Season total 731.94 816.23 84.30 39.10 5.34 
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Table 3.23 Summary of total error in ETc estimates for different scheduling 
methods with serial correlation 

Scheduling 
method 

Average        
ETc 

(mm) 

Average 
ET0_simulat

ed  (mm) 

Average                 
total error        

in ETc 
(mm) 

SD of                  
total error 

in ETc 
(mm) 

Relative 
total error 

in ETc   (%) 
Daily 6.05 6.76 0.71 0.83 14.95 

AD=50 mm 52.97 59.17 6.20 5.78 10.92 
AD=100 mm 102.84 114.93 12.01 10.05 9.77 
AD=150 mm 152.84 170.67 17.83 13.86 9.06 
Season total 731.94 817.90 85.95 50.38 6.88 

 

Table 3.24 Summary of random error in ETc estimates for different scheduling 
methods without serial correlation 

Scheduling 
method 

Average        
ETc (mm) 

Average 
ETc_simulated  

(mm) 

SD of                  
random error  
in ETc (mm) 

Relative 
random error 
in ETc   (%) 

Daily 6.05 6.74 0.63 11.64 
AD=50 mm 52.97 58.97 1.90 3.60 
AD=100 mm 102.84 114.50 2.68 2.61 
AD=150 mm 152.84 170.04 3.21 2.10 
Season total 731.94 815.06 7.60 0.81 

 

Table 3.25 Summary of random error in ETc estimates for different scheduling 
methods with serial correlation 

Scheduling 
method 

Average        
ETc  (mm) 

Average  
ETc_simulated 

(mm) 

SD of                  
random error  
in ETc (mm) 

Relative 
random error in 

ETc   (%) 
Daily 6.05 6.748 0.754 15.822 
AD=50 mm 52.97 67.482 5.548 10.548 
AD=100 mm 102.84 132.173 9.190 8.919 
AD=150 mm 152.84 194.992 12.035 7.915 
Season total 731.94 815.952 29.211 4.590 
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Table 3.26 Summary of systematic error in ETc estimates for different scheduling 
methods without serial correlation 

Scheduling 
method 

Average        
ETc       

(mm) 

Average 
ETc_simualted  

(mm) 

SD of                  
systematic error  

in ETc (mm) 

Relative 
systematic 

error in ETc   
(%) 

Daily 6.05 6.74 0.32 4.74 
AD=50 mm 52.97 59.04 2.79 5.27 
AD=100 mm 102.84 114.62 5.45 5.30 
AD=150 mm 152.84 170.36 8.06 5.27 
Season total 731.94 815.85 38.58 4.74 

 

Table 3.27 Summary of systematic error in ETc estimates for different scheduling 
methods with serial correlation 

Scheduling 
method 

Average        
ETc     

(mm) 

Average 
ETc_simulated  

(mm) 

SD of                  
systematic error  

in ETc (mm) 

Relative 
systematic 

error in ETc   
(%) 

Daily 6.05 6.75 0.32 6.10 
AD=50 mm 52.97 67.54 3.21 6.10 
AD=100 mm 102.84 132.27 6.30 6.12 
AD=150 mm 152.84 195.15 9.30 6.12 
Season total 731.94 816.63 38.84 6.10 

 

Table 3.28 summarizes the potential errors in irrigation timing that would be caused 

by errors in estimated ETc for three different scenarios of 50 mm, 100 mm and 150 

mm of allowable depletion. The average and the standard deviation of irrigation 

timing at a given scenario for the computed ETc are derived using standardized PM 

ET0 and the CIMIS crop coefficient. Those values are compared to those for the 

simulated ETc using standardized PM ET0 and the CIMIS crop coefficient after 

accounting for combined random and systematic errors. 
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Table 3.28 Summary of potential errors in irrigation timing (days) for three different 
scenarios of allowable depletion. 

   ETc Simulated ETc + errors 

Scheduling 
method 

Average 
irrigation 

timing (days) 

SD 
 irrigation 

timing (days) 

Average 
 irrigation 

timing (days) 

Average error in 
 irrigation timing 

(days) 
AD=50 mm 9 1 8 1 
AD=100 mm 17 2 15 1 
AD=150 mm 25 2 23 2 

 

The results of this study show that the average irrigation timing when accounting to 

errors would occur 2 days in advance than that without errors. Usually scheduling 

consultants are taking soil moisture measurements weekly. However, our study 

showed that it is possible to do those measurements each 13 days, with 95% 

confidence (2 x standard deviations, or 2 days) from the nominal 15 day interval. 
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4. A strategy for reducing uncertainty in ET estimates by local 
measurements of wind speed 

 

The foregoing analyses of ET uncertainty, and the associated case study, revealed 

useful insights into how that uncertainty might be reduced for the least cost. One key 

climatic factor that contributes to the uncertainty in computation of the Penman-

Monteith (PM) reference evapotranspiration (ET0) is wind speed. Any error in wind 

speed data creates as a result an inaccuracy in ET0 estimates.  

 

4.1. Background 
Air movement plays a major role in water vapor transport from the plant into the 

atmosphere. With an increase of wind speed, the aerodynamic resistance to sensible 

and latent heat flux decreases, so heat and water vapor transfer better. This provides 

more energy from the air to vaporize water and hence increases ET. Removal of water 

vapor from a crop to the air also increases ET because there is less water vapor to 

condense on the plants. 

 

In the PM ET0 equation, the wind speed data are used to compute the aerodynamic 

resistance term that characterizes the resistance to diffusion of sensible and latent heat 

between the canopy and the air (Allen et al., 1998). 

 

According to previous studies, the Penman model is least sensitive to wind speed error 

and most sensitive to solar radiation and maximum temperature errors (Linsley et al., 

1958; Saxton, 1975; Beven, 1979; Meyer et al. 1989; Baselga, 1990; Ley et al., 1994; 

and Rim, 2004).  This is true if we are estimating ET at the location of the weather 

data acquisition. In irrigation scheduling, however, we are using a distant station to 

estimate the evapotranspiration at a specific field. Wind can be the most important 

measurement as it is often the most variable parameter over short scale (demonstrated 

in the results). While generating a wind speed map using 3-D Regularized Spline with 
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Tension (RST) for the state of California, Hart et al. (2009) identified that the 

interpolation of high wind speed from single stations causes “anomalous effects” 

around those sites compared to that of solar radiation and temperature (Figure 4.1). 

This could indicate that the spatial scale of wind variability is smaller than that of all 

other parameters.  

 

In the particular circumstances of the case study, we are proposing that local 

measurements of wind speed can greatly reduce the uncertainty of the ET0 especially 

in days with high wind.  

 

 
Figure 4.1 Two wind speed interpolations, for (a) 2005/12/21 calm day and (b) 
2005/06/18 windy (Hart et al., 2009) 
 



85 
 
4.2. Methods and Materials 

4.2.1. Percent of improvement in the accuracy of ET0 estimates  
In order to evaluate the percent of reduction in the uncertainty of ET0 by using local 

wind speed measurements, an investigative study of the sensitivity of estimated ET0 to 

the proximity of the source of wind speed data was conducted.  

 

The Penman-Monteith daily (PM_day) and hourly (PM_hour) reference 

evapotranspiration equations were computed using the standardized ET0 in programs 

written by Snyder and Eching (2002). The programs computed the standardized 

reference evapotranspiration for short and tall crop surface using daily or hourly 

weather data. This program uses the standardized Penman-Monteith equation from the 

Environmental Water Resources Institute of the American Society of Civil Engineers 

(Allen et al., 2005). The model requires input site characteristics that include the 

elevation of the station above mean sea level (m) and the latitude (degree). The input 

weather data are solar radiation (MJ m-2 d-1), maximum and minimum air temperatures 

(ºC), mean wind speed (m s-1) and mean dew point temperature (ºC). To ensure the 

integrity of computation, this model uses air and dew point temperature measured 

between 1.5 and 2 m while wind speed measured at a height of 2 m. Wind speed 

measured at elevations other than the standard height of 2 m can be adjusted based on 

the logarithmic wind speed profile equation (Burman et al., 1980). The underlying 

surface should be short 0.07-0.15 m tall grass, and it should have 50-100 m of fetch. 

For the purpose of computing the percent reduction in ET0 estimation error by local 

measurement of weather parameters, the following three steps were performed for 

three years of CIMIS weather data (2006-2008). The first two steps are outlined 

specifically to analyze the value of local wind run data. The third step then followed 

the same procedure to evaluate the reduction in uncertainty that could be realized with 

local measurements of other parameters 

• Step 1:  The first step is to determine how well the reference ET at one station 

can be estimated using weather data from another (distant) station. Hourly and 
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daily PM reference evapotranspiration for short canopies were computed using 

the PM_day or the PM_hour model with daily or hourly weather data for each 

of the three stations (PM_ET0 Gerber, PM_ET0 Durham, and PM_ET0 Orland). 

Then, for each pair of stations, a goodness of fit measure of the estimated ET0 

data was computed to evaluate how well the set of estimated ET0 data from 

each station fit the calculated values for the other stations.  

• Step 2: The second step was to determine how well the reference ET at one 

station could be estimated using wind run data from the local station in 

combination with all other weather data from another station. In the local wind 

measurements study, PM ET0 was estimated as in step 1 however the hourly or 

daily average wind speed data for one station was substituted into other station 

data while the other variables were retained (PM_ET0 Durham.Gerber wind, 

PM_ET0 Durham.Orland wind and PM_ET0 Orland.Gerber wind). This new 

ET0 estimate is indicative of how well the ET0 estimates for a given farm can 

be determined using on-farm wind measurement data in combination with all 

other weather data from a distant weather station. The percent improvement in 

slope and residual standard error were calculated from the difference of the 

statistical results between the two linear regressions of steps 1 and 2 as given 

in Equations 4.1 and 4.2.  For instance, a linear regression of daily PM ET0 for 

the Gerber station versus daily PM ET0 for the Durham station was computed 

to determine how closely weather data from a distant station (Durham) could 

predict the calculated ET0 at the local site (Gerber). Then a linear regression of 

PM ET0 was done using the Gerber station data versus using all Durham 

station weather data except daily average wind speed for which Gerber station 

daily average wind speed data were substituted.  

• Step 3: The same method as step 2 was employed for the remaining weather 

parameters solar radiation, dew point and maximum/minimum temperature in 

order to estimate the reduction of bias and residual standard error and compare 

their statistical results to those of the wind speed. 
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In theory ET0 values should approach zero when there is no evapotranspiration so for 

the goodness of fit between these ET0 estimates, the linear regressions were forced 

through the origin in all the preceding steps (Allen et al. 1989). Using the F-test with a 

degree of freedom 1 and n-1, we found that the intercept was statistically not 

significant.  

 

Statistical analyses of this study were made using S-Plus. The results were presented 

as scatter plots and least-squares linear regression. The error in the linear regression is 

assumed to have a normal distribution with constant variance. The slope (bias), 

residual standard error (RSE or random error) and correlation coefficient (R2) were 

calculated to compare the performance of the two linear regressions: the first 

regression of estimated ET0 for station A on the estimated ET0 for a nearby station B 

with both PM ET0 calculated from their exact weather data and the second regression 

of estimated ET0 for station A on estimated ET0 for a nearby station B with only a 

single parameter substituted from station A into station B. These coefficients provide a 

good indication of how closely two estimated ET0 data sets match and give an estimate 

of both bias and random error deviations. 

 

The percent improvement in slope was calculated as follows: 

 

∆ 𝛽1  = 100 ∗
�1−𝛽1𝜇�𝐸𝑇0𝐵  � 𝐸𝑇0𝐴�

�−�1−𝛽1𝜇�𝐸𝑇0𝐵𝑠  � 𝐸𝑇0𝐴�
�

�1−𝛽1𝜇�𝐸𝑇0𝐵  � 𝐸𝑇0𝐴�
�

   Eq. 4.1 

 

where:  

Δ𝛽1 = percent improvement in slope between two regressions 

lines 

𝛽1𝜇{𝐸𝑇0𝐵 | 𝐸𝑇0𝐴} = slope of the mean of ET0 at station B with its 

daily/hourly weather data as a function of ET0 at station 

A with its daily/hourly weather data 
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𝛽1𝜇{𝐸𝑇0𝐵𝑠  | 𝐸𝑇0𝐴} = slope of the mean of ET0 at station B with its 

daily/hourly weather data with one substituted 

parameter as a function of ET0 at station A with its 

daily/hourly weather data 

 

There is no unit for the slope as it is the ratio of the units of the response variable (PM 

ET0 in mm d-1) to the units of the explanatory variable (PM ET0 in mm d-1). 

 

The percent improvement in RSE was computed according to the following equation: 

 

∆ 𝑅𝑆𝐸 = 100 ∗  
�1 −𝑅𝑆𝐸𝜇�𝐸𝑇0𝐵  � 𝐸𝑇0𝐴�

�−�1−𝑅𝑆𝐸𝜇�𝐸𝑇0𝐵𝑠  � 𝐸𝑇0𝐴�
�

�1−𝑅𝑆𝐸𝜇�𝐸𝑇0𝐵  � 𝐸𝑇0𝐴�
�

  Eq. 4.2 

 

where:  

ΔRSE = percent improvement in residual standard error 

between two regressions lines 

𝑅𝑆𝐸𝜇{𝐸𝑇0𝐵  | 𝐸𝑇0𝐴} = RSE of the mean of ET0 at station B with its 

daily/hourly weather data as a function of ET0 at 

station A with its daily/hourly weather data 

𝑅𝑆𝐸𝜇{𝐸𝑇0𝐵𝑠  | 𝐸𝑇0𝐴} = RSE of the mean of ET0 at station B with its 

daily/hourly weather data with one substituted 

parameter as a function of ET0 at station A with its 

daily/hourly weather data 

 

4.2.2. Variability of microclimatic parameters 
The reason for significant error reduction in ET0 resulting from installation of an 

anemometer in a local field near an ET0 station was studied by characterizing the 

variability of microclimatic parameters using nearby stations in the Northern 

Sacramento Valley. The same weather data - wind speed, solar radiation, dew point, 
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and maximum and minimum temperature - required in the application of PM_day 

model were downloaded from the three CIMIS stations for the 1 May – 30 September 

growing season. Gerber/Durham, Durham/Orland and Gerber/Orland stations are 

approximately 37 miles, 20 miles and 22 miles apart respectively.  

Figure 4.2 shows the mean daily variations of wind speed, solar radiation, dew point 

temperature, and maximum and minimum temperature recorded from the three 

stations for 153 days. Wind speed was variable between the three weather stations and 

consistently higher in Gerber station (2.12 m s-1) followed by Orland station (1.77 m s-

1) and Durham station (1.45 m s-1). Even though the highest average dew point 

temperature was around 14.2°C for Durham, the daily data order was irregular. 

Maximum air temperature followed a similar pattern with an average around 31°C for 

all three stations. The mean daily evapotranspiration values were 5.77 mm d-1, 5.40 

mm d-1 and 5.13 mm d-1 for Gerber, Orland and Durham stations respectively (Figure 

4.3).   Mean, standard deviation (SD) and relative error (RE) were computed and 

compared using the totals of each parameter (or the average of all daily means). The 

relative error is the standard error divided by the mean and it is expressed as a 

percentage. 

 

4.2.3. Improvement in soil water depletion 
In this section, the effect of using a local wind speed measurements on estimating the 

soil water depletion and reducing the uncertainties of soil moisture depletion were 

studied. To this end, a computation of the absolute and relative error in soil water 

depletion for short term (one week which represents the decision time for a farmer to 

irrigate) and long term (one growing season) were computed.  Data for three growing 

season (2006-2008) were used for this study. 

 

 

 

 

http://en.wikipedia.org/wiki/Relative_standard_error�


90 
 

 
Figure 4.2 Mean daily values of wind speed, solar radiation, dew point, maximum  
and minimum air temperatures at Gerber, Durham and Orland stations during the 2006 
growing season (1 May-30 September). 
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Figure 4.3 Mean daily values of reference evapotranspiration at Gerber, Durham 
and Orland stations during the 2006 growing season (1 May-30 September). 
 

4.3. Results 

4.3.1. Percent of improvement in the accuracy of ET0 estimates  

Local wind speed measurements 
The results from estimating ET0 in a field by using all daily weather parameters from a 

nearby station except for local wind speed measurements are shown in Figure 4.4 

through 4.6. Linear regressions were performed on the PM ET0 estimates; with their 

dependent variable: the values of PM ET0 computed using the daily weather 

parameters downloaded from a CIMIS station as their independent variables: a) the 

values of PM ET0 calculated from daily weather parameters downloaded from another 

CIMIS station and b) the values of PM ET0 estimates calculated from the wind speed 

data of x-axis station while retaining all other daily weather parameters (solar 

radiation, dew point temperature, maximum and minimum temperatures). Figures 

4.4a, 4.5a and 4.6a show that the linear regression is below the 1:1 line. Once the wind 

speed has been substituted in the PM_day ET0 equation, these points scattered more 

evenly around the 1:1 line and the slope approached this line for all three linear 

regressions (Figure 4.4b, 4.5b and 4.6b). A few outliers are still observed when PM 

ET0 is high (Figures 4.4b and 4.6b). The data in these figures are for the composite of 

the three years (2006-2008). 
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Figure 4.4 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Gerber station versus daily PM ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for daily average 
wind speed that is substituted by daily average wind speed measured at Gerber station. 
 

 
Figure 4.5 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Gerber station versus daily PM ET0 calculated from daily 
weather data from a) Orland station, and b) Orland station except for daily average 
wind speed that is substituted by daily average wind speed measured at Gerber station. 
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Figure 4.6 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Orland station versus daily PM ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for daily average 
wind speed that is substituted by daily average wind speed measured at Orland station. 
 

The results of the different linear regressions are summarized in Table 4.1 and 4.2. 

Both tables present the statistical results of the studies as slopes (𝛽1), residual standard 

error (RSE), correlation coefficients (R2), percent improvement in slope (Δ𝛽1), and 

percent improvement in residual standard error (ΔRSE) for each year separately and 

for all three years combined.  As indicated by the values in Table 4.1, the regression 

lines have significantly approached the 1:1 line when using local wind speed 

measurements indicating a significant reduction in ET0 estimation error. The average 

slope improvement is around 71% for daily PM ET0 estimates for three years of study. 

The residual standard error (RSE) has decreased with an average percent improvement 

of 24%. The correlation coefficient R2 has also improved to 0.991 on average. For the 

hourly weather data, the introduction of local wind speed measurements improved in 

both slope by 50% and RSE by 14% in average except for year 2008 for 
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overall values of R2 toward 0.995. More graphs for these daily and hourly results are 

presented in Appendix C. In both daily and hourly weather data studies, the highest 

relative improvement in ET0 prediction is observed in the comparison between ‘Gerber 

vs. Durham’ and ‘Gerber vs. Durham.Gerber wind’ (82% and 67% decrease in the 

slope error for daily and hourly respectively for the composite years).  

 

Table 4.1 Statistical results for daily PM ET0 comparisons calculated from daily 
weather data and wind data substitution 
  

 
PM_ET0 from hourly weather data  

Year Station Name β1 RSE  R2 Δβ1  
Δ 

RSE 

2006 

Gerber vs Durham 0.867 0.552 0.978 75.47 31.34 
Gerber vs Durham.Gerberwind 0.967 0.379 0.992 

  
Gerber vs Orland 0.939 0.406 0.990 80.98 6.19 
Gerber vs Orland.Gerberwind 0.988 0.381 0.992     
Orland vs Durham 0.916 0.620 0.973 74.85 31.07 
Orland vs Durham.Orlandwind 0.979 0.427 0.988     

2007 

Gerber vs Durham 0.888 0.531 0.982 95.63 17.29 
Gerber vs Durham.Gerberwind 0.995 0.439 0.990 

  
Gerber vs Orland 0.978 0.398 0.992 48.62 16.47 
Gerber vs Orland.Gerberwind 1.011 0.333 0.995     
Orland vs Durham 0.904 0.515 0.983 80.79 35.52 
Orland vs Durham.Orlandwind 0.982 0.332 0.994 

  

2008 

Gerber vs Durham 0.855 0.652 0.972 78.04 22.13 
Gerber vs Durham.Gerberwind 0.968 0.508 0.986 

  
Gerber vs Orland 0.977 0.473 0.988 3.08 20.48 
Gerber vs Orland.Gerberwind 1.022 0.376 0.993     
Orland vs Durham 0.871 0.618 0.974 77.33 37.23 
Orland vs Durham.Orlandwind 0.971 0.388 0.991     

 2006-
2008  

Gerber vs Durham 0.870 0.583 0.977 82.38 23.10 
Gerber vs Durham.Gerberwind 0.977 0.448 0.989 

  
Gerber vs Orland 0.966 0.434 0.990 77.33 15.12 
Gerber vs Orland.Gerberwind 1.008 0.368 0.993     
Orland vs Durham 0.896 0.591 0.977 71.95 34.33 
Orland vs Durham.Orlandwind 0.971 0.388 0.991     

  Average       70.54 24.19 
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Table 4.2 Statistical results for daily PM ET0 comparisons calculated from hourly 
weather data and wind data substitution 
  

 

PM_ET0 from hourly weather data  

Year Station Name β1 RSE  R2 Δβ1  
Δ 

RSE 

2006 

Gerber vs Durham 0.895 0.519 0.987 56.18 17.63 
Gerber vs Durham.Gerberwind 0.954 0.427 0.992     
Gerber vs Orland 0.971 0.479 0.990 78.08 -2.21 
Gerber vs Orland.Gerberwind 1.006 0.489 0.991 

  
Orland vs Durham 0.914 0.644 0.979 32.25 15.63 
Orland vs Durham.Orlandwind 0.942 0.543 0.986 

  

2007 

Gerber vs Durham 0.896 0.529 0.987 70.02 11.44 
Gerber vs Durham.Gerberwind 0.969 0.468 0.992 

  
Gerber vs Orland 0.983 0.421 0.993 64.74 9.23 
Gerber vs Orland.Gerberwind 1.006 0.383 0.995 

  
Orland vs Durham 0.909 0.486 0.989 57.71 24.12 
Orland vs Durham.Orlandwind 0.962 0.369 0.995 

  

2008 

Gerber vs Durham 0.911 0.644 0.981 74.97 14.42 
Gerber vs Durham.Gerberwind 0.978 0.551 0.988 

  
Gerber vs Orland 1.004 0.485 0.991 0.00 15.67 
Gerber vsOrland.Gerberwind 1.032 0.409 0.994 

  
Orland vs Durham 0.905 0.588 0.984 48.48 22.11 
Orland vs Durham.Orlandwind 0.951 0.458 0.991 

  
 2006-

2008  

Gerber vs Durham 0.900 0.567 0.985 66.77 14.19 
Gerber vs Durham.Gerberwind 0.967 0.487 0.990 

  
Gerber vs Orland 0.986 0.468 0.991 0.00 7.21 
Gerber vs Orland.Gerberwind 1.015 0.434 0.993 

  
Orland vs Durham 0.909 0.577 0.984 46.92 19.50 
Orland vs Durham.Orlandwind 0.952 0.464 0.991     

  Average       49.68 14.08 
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Local solar radiation measurements 
This section presents the results of the effect of the spatial variability of Rs on the 

uncertainty of ET0. Only solar radiation of one station was substituted by local 

measurements and all other weather parameters were retained.  The results show that 

impact of spatial variability of Rs on ET0 uncertainty is much smaller than that of wind 

speed. The solar radiation, however, shows little spatial variation in the Sacramento 

Valley.  In coastal or mountainous regions, cloud variability could lead large spatial 

variation in Rs.  Figures 4.7 through 4.9 show plots of linear regression of daily PM 

ET0 for Gerber/Durham, Gerber/Orland and Orland/Durham combinations of stations 

for 2006-2008. The slope position is roughly the same for the two linear regressions of 

PM ET0. The points are still unevenly distributed around the line 1:1.   
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Figure 4.7 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Gerber station versus daily PM ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for daily solar 
radiation that is substituted by daily average solar radiation measured at Gerber 
station. 
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Figure 4.8 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Gerber station versus daily PM ET0 calculated from daily 
weather data from a) Orland station, and b) Orland station except for daily solar 
radiation that is substituted by daily average solar radiation measured at Gerber station 

 
Figure 4.9 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Orland station versus daily PM ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for daily solar 
radiation that is substituted by daily average solar radiation measured at Orland 
station. 
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Table 4.3 presents the statistical results of daily PM ET0 linear regression comparisons 

for the composite of three years 2006-2008. As can be seen from this table, even 

though the overall correlation coefficient has increased to an average of 0.985 in all 

data sets, it is clear that the values of average slope improvement didn’t increase and 

the RSE improvement was not as high as those of the local wind measurement test. 

The mean slope improvement is 3% and the ΔRSE is around 12% across all three 

stations for local solar radiation measurements.  The results indicate that spatial 

variation in wind speed is a bigger factor than solar radiation for ET0 differences.  

 

Table 4.3 Statistical results for daily PM ET0 comparisons calculated from daily 
weather data and solar radiation substitution. 
  

 
PM_ET0 from daily weather data  

Year Station Name β1 RSE  R2 Δβ1  Δ RSE 

2006-
2008  

Gerber vs. Durham 0.870 0.583 0.977 -3.15 9.21 
Gerber vs. Durham.Gerber Rs 0.866 0.529 0.981     
Gerber vs. Orland 0.966 0.434 0.990 22.67 13.35 
Gerber vs. Orland.Gerber Rs 0.973 0.376 0.992 

  Orland vs. Durham 0.896 0.591 0.977 -10.57 13.13 
Orland vs. Durham.Orland Rs 0.885 0.513 0.982     

  Average       2.98 11.90 
 

Local maximum and minimum temperature measurements 
Figures 4.10 to 4.12 show plots of linear regression of daily PM ET0 calculated from 

daily weather data for example Gerber station versus daily PM ET0 calculated from 

daily weather data from a) Durham station, and b) Durham station except for daily 

maximum and minimum temperature that is substituted by daily maximum and 

minimum temperature measured at Gerber station. Like the local solar radiation 

measurements study, introducing local temperature measurements did not decrease the 

uncertainty of local ET0 estimates. The data points are still spread below the line 1:1. 

We observe that at low ET0 values the points scattered better around the line 1:1; 

however at high ET0 they remained in the same position.  The mean slope and RSE 
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improvement are around 12% and 16% respectively for the composite of the three 

years (Table 4.4).   

  
Figure 4.10 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Gerber station versus daily PM ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for daily 
maximum and minimum temperature that is substituted by daily maximum and 
minimum temperature measured at Gerber station. 
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Figure 4.11 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Gerber station versus daily PM ET0 calculated from daily 
weather data from a) Orland station, and b) Orland station  except for daily maximum 
and minimum temperature that is substituted by daily maximum and minimum 
temperature measured at Gerber station. 

 
Figure 4.12 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Orland station versus daily PM ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station  except for daily 
maximum and minimum temperature that is substituted by daily maximum and 
minimum temperature measured at Orland station. 
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Table 4.4 Statistical results for daily PM ET0 comparisons calculated from daily 
weather data and maximum and minimum temperature substitution for all three years 
  

 
PM ET0 from daily weather data  

Year Station Name β1 RSE  R2 Δβ1  Δ 

 

2006-

2008  

Gerber vs. Durham 0.870 0.583 0.977 17.06 15.26 
Gerber vs. Durham.Gerber Tx, Tn 0.892 0.494 0.984     
Gerber vs. Orland 0.966 0.433 0.990 -3.78 19.18 
Gerber vs. Orland.Gerber Tx, Tn 0.964 0.350 0.993 

  

Orland vs. Durham 0.896 0.591 0.977 22.48 13.92 
Orland vs. Durham.Orland Tx,Tn 0.919 0.509 0.983     

  Average       11.92 16.12 
 

Local dew point temperature measurements 
When local dew point temperature measurements are accounted for in ET0 estimates, 

no significant improvement of ET0 slope toward the 1:1 line is observed and the data 

points are still unevenly scattered or if they are evenly scattered around the 1:1 line 

(Figure 4.13-4.15). Table 4.5 illustrated the results quantitatively. The slope didn’t 

improve; its improvement mean is -13%. RSE decreased with a mean improvement 

value of 10% for the three years. 

 

Table 4.5 Statistical results for daily PM ET0 comparisons calculated from daily 
weather data and dew point substitution for all three years 
  

 
PM_ET0 from daily weather data  

Year Station Name β1 RSE  R2 Δβ1  Δ RSE 

2006-

2008  

Gerber vs. Durham 0.870 0.583 0.977 -5.30 6.35 
Gerber vs. Durham.Gerber Td 0.863 0.546 0.981     
Gerber vs. Orland 0.966 0.433 0.990 -36.05 16.18 
Gerber vs. Orland.Gerber Td 0.953 0.363 0.993 

  

Orland vs. Durham 0.896 0.591 0.977 1.63 8.63 
Orland vs. Durham.Orland Td 0.898 0.540 0.980     

  Average       -13.24 10.39 
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Figure 4.13 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Gerber station versus daily PM ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for dew point 
temperature that is substituted by dew point temperature measured at Gerber station. 

 
Figure 4.14 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Gerber station versus daily PM ET0 calculated from daily 
weather data from a) Orland station, and b) Orland station except for dew point 
temperature that is substituted by dew point temperature measured at Gerber station. 
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Figure 4.15 Year 2006-2008 linear regression of daily PM ET0 calculated from 
daily weather data for Orland station versus daily PM ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for dew point 
temperature that is substituted by daily dew point temperature measured at Orland 
station. 
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were less intrinsically changeable in the studied area. The relative errors of the solar 

radiation and maximum and minimum temperature are approximately 3%, 2% and 3% 

respectively for the average of all daily means, standard deviation and relative 

standard error study. 

 

Table 4.6 Variability of the weather parameters and ET0 using the two methods 
for 2006 growing season 
     Three CIMIS stations 
Meteorological parameters Method N (days) Mean SD RE 

ET0 (mm) or (mm d-1) a 133 723.35 42.97 5.94 
 b 133 5.44 0.45 8.24 

Wind speed (m s-1) a 153 273.00 51.50 18.87 

 b 153 1.78 0.38 20.04 
Solar radiation (MJ m-2) or  a 150 3748.23 95.04 2.54 

                         (MJ m-2 d-1) b 150 24.99 1.30 5.68 

Max. temperature (oC) a 153 4834.57 76.51 1.58 
 b 153 31.60 0.82 2.52 

Min. temperature (oC) a 140 1964.80 55.28 2.81 

 b 140 14.03 0.82 6.12 

Dew point temperature (oC) a 145 1977.27 75.80 3.83 
 b 145 13.64 0.91 8.46 

 

The relative error values of ET0 and the basic meteorological variable for three 

consecutive windy days during the summer (23–24 June 2006) are depicted in Figure 

4.16. These days have a high relative error for ET0 with a high relative error for wind 

and very low relative error for solar radiation. This figure and the Table 6 lead to the 

conclusion that the relative error of evapotranspiration between the three weather 

stations is high when that of the wind speed is high in northern Sacramento valley, 

California and that the highest variability within this microclimate is primary to the 
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wind speed. The relative error of the solar radiation was less than 3% for all sunny 

days. 

 
Figure 4.16 The relative error values of ET0, wind speed, solar radiation, dew point 
temperature, maximum and minimum temperatures for 23-24 June 2006 ca. Northern 
California 
 

4.3.3. Improvement in soil water depletion 
This section shows the effect of an on-site measurement of wind speed on the errors in 

soil water depletion. Table 4.7 presents the results of daily cumulative reference ET 

using daily weather data with and without local wind speed measurements for PM_day 

model throughout three growing seasons (1 May 2006 - 30 September 2008).  A 

considerable reduction in the difference in cumulative ET0 between two CIMIS 

stations of 48.18 mm in average (75%) is observed (Table 4.8). Figure 4.17 shows the 

cumulative ET0 at Gerber, Durham and Durham.Gerber wind stations. The difference 

in cumulative ET0 between these two stations decreased when using a local wind 

speed measurement from Gerber station (Improvement in error of 83.46 mm or 69% 

per growing season). This reduction in cumulative ET0 corresponds to 10% for the 

whole growing season.  
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Table 4.7 Total ET0 (mm) 1 May to 30 September calculated using PM_day 
model for the growing season of 2006, 2007, and 2008. 
   PM_day cumulative ET0  (mm) 
Station 2006 2007 2008 
Gerber 808.91 839.03 844.47 
Durham 715.76 749.23 722.67 
Durham_Orland wind 749.31 797.17 777.16 
Durham_Gerber wind 776.28 819.21 806.13 
Orland 758.44 816.16 810.86 
Orland_Gerber wind 790.24 838.10 848.13 

 

 

Figure 4.17 Daily cumulative PM ET0 calculated from daily weather parameters for 
Gerber, Durham and Durham with wind parameter substituted from Gerber station for 
2008 growing season 
 

Weekly cumulative ET0 was also computed for the three growing season and a 

decrease in the error of weekly cumulative ET0 was observed. This is an important 

point to focus on for weekly irrigated agriculture fields. This error reduction can be as 

high as 10 mm/week (85%) especially in summer days and when the variability in 

wind speed between these stations is high. 

0
100
200
300
400
500
600
700
800
900

4/22 6/11 7/31 9/19

C
um

ul
at

iv
e 

PM
 E

T
0

(m
m

)

Gerber Durham Durham.Gerber wind



107 
 
Table 4.8 Difference in cumulative ET0 and error reduction between two stations 
calculated using PM_day model with a wind parameter substitution. 

Year Station Name 
ΔET0cum

*. 
(mm) 

ΔET0cum
*

 
(%) 

Δε§ 

(mm) 
Δε§ 

(%)  

2006 

Gerber vs Durham 93.15 11.52 60.52 64.97 
Gerber vs Durham.Gerber wind 32.63 4.03   
Gerber vs Orland 50.47 6.24 31.80 63.00 
Gerber vs Orland.Gerber wind 18.67 2.31     
Orland vs Durham 42.69 5.63 33.56 78.61 
Orland vs Durham.Orland wind 9.13 1.20     

2007 

Gerber vs Durham 89.80 10.70 69.99 77.93 
Gerber vs Durham.Gerber wind 19.82 2.36   
Gerber vs Orland 22.87 2.73 21.95 95.95 
Gerber vs Orland.Gerber wind 0.93 0.11     

Orland vs Durham 66.93 8.20 47.95 71.64 
Orland vs Durham.Orland wind 18.98 2.33   

2008 

Gerber vs Durham 121.80 14.42 83.46 68.52 
Gerber vs Durham.Gerber wind 38.34 4.54   
Gerber vs Orland 33.61 3.98 29.95 89.10 
Gerber vs Orland.Gerber wind 3.66 0.43     
Orland vs Durham 88.19 10.88 54.49 61.79 
Orland vs Durham.Orland wind 33.70 4.16     

  Average     48.18 74.61 
      *    Difference in PM_day cumulative ET0 between the 2 weather stations.  

§  Error reduction in PM_day cumulative ET0 between the 2 weather stations. 

 

4.4 Discussions 
The contribution of wind speed to the estimated ET0 within a short distance was 

investigated for the Northern Sacramento Valley in California. For an arid climate, the 

wind contributes highly to the evapotranspiration and small variation in wind speed 

can lead to larger variation in the evapotranspiration rate (Allen et al, 1998). 



108 
 
When dealing with irrigation scheduling for an agricultural farm, the farmers use the 

ET estimates from a distant station to estimate crop water use. Consequently, this 

study was completed to determine what factors are most important. The results 

indicate that wind is the major source of error due to its large variability over smaller 

scale than the other weather parameters in this region of California. The objective of 

this study was to examine the magnitude of ET0 error caused by wind speed in 

comparison to that of all other meteorological parameters within a small area, to report 

the accuracy improvement of ET0 estimates when using on-farm wind speed 

measurements, and to minimize the bias and random errors in soil water depletion 

measurements. Using the ASCE-EWRI Penman-Monteith daily ET0 program (Snyder 

and Eching, 2002) and the meteorological data from three CIMIS stations (Gerber, 

Durham and Orland), the daily and hourly ET0 estimates were computed. A study of 

the improvement in the accuracy of ET0 estimates by using a local wind, solar 

radiation, dew point, and maximum and minimum temperatures measurements was 

investigated.  

 

Based on the results of section 4.3, the installation of local wind speed measurements 

study considerably increased the accuracy of ET0 estimates in this region where wind 

speed is spatially variable. Similar improvements were not seen at the same magnitude 

for the other weather parameters. It appears that local daily wind data can greatly 

reduce both bias and random error for daily ET0 estimates by an average of 71% and 

24% respectively. For the other parameters, the improvement in bias was: dew point 

temperature (0%), solar radiation (3%), and minimum and maximum temperatures 

combined (12%). However, the improvement for the random error averaged 16% for 

temperature, 10% for dew point and 12% for solar radiation. The improvement was 

24% the wind speed measurements. These results were expected since the stations are 

located in close proximity from each other (20-30 miles). Thus the largest variability 

within short distances was for wind speed. 
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The wind speed has the highest daily variability with a mean of 1.8 m s-1, standard 

deviation of 0.4 m s-1 and a relative error of 20% (Table 4.6). This relative standard 

error is the highest among the meteorological parameters for this region. These results 

agreed with Droogers (2000) who compared the global climate dataset to selected 

Climwat (UN.FAO) climate database. He found that the daily deviations were high for 

wind (R2=0.50), low for humidity and precipitation (R2~0.90) and negligible for 

minimum and maximum temperature (R2>0.98). Second, as shown in the ET0 zones 

map (Figure 3.3), Gerber station is in zone 14 which is characterized by slightly higher 

ET0 than Durham or Orland. During summer, cloud cover and fog are uncommon and 

the variability of Rs is small over short distances during the growing season. The solar 

radiation has a daily mean of 25 MJ m-2 d-1, a standard deviation of 1.3 MJ m-2 d-1 and 

a relative standard error of 6% between these stations. 

 

The average reduction in absolute error of cumulative ET0, achieved by using the local 

wind speed, was highest between Gerber and Durham (71 mm) followed by Orland 

and Durham (45 mm) and last between Gerber and Orland (28 mm). This order of 

difference in reduction in cumulative ET0 error matches the variability in wind speed 

between these stations for all three years. This reduction in cumulative ET0 error 

decreases the soil water depletion error from ET0 uncertainty by 75% for the growing 

season. For the weekly soil water depletion error, there was improvement up to 11 mm 

for some weeks.  

 

To understand more about the importance of the ETc error reduction on soil water 

depletion estimates in an arid region with high evaporative demand, two types of soil 

were considered:  sandy soil and clay soil. A sandy soil has a low water holding 

capacity and high percolation; therefore, the amount of water retained in the root zone 

is minimal. The management allowable depletion (MAD) for a 1-m deep sandy soil 

with volumetric available water holding capacity of 0.10 and an allowable depletion of 

50% is about 50 mm. If we under-irrigate by 11 mm/week, plant stress is likely 
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because the error is about 22% of MAD. This could cause major reductions in crop 

production. Evapotranspiration will be reduced because of less water availability in 

the root zone.  Large cracks and more evaporation from deeper soil layers are possible 

for cracking soils.  

 

In a clay soil with high water holding capacity and slow percolation, more applied 

water is retained in the root zone. If there was + 72 mm error in the growing season, 

over-irrigation and lower application efficiency may result.  

 

Anemometer installation is a feasible method to improve ET estimates. Anemometers 

are affordable for farmers in comparison with expensive, less robust net radiometers 

used to measure the net radiation.  Net radiometers are expensive and they deteriorate 

quickly in comparison to other devices (Llasat and Snyder, 1998).  

 

The measurement of local wind considerably decreases the uncertainty of ET0 

estimates. In this region of California, in order to obtain a more accurate estimation of 

the reference evapotranspiration for a location in close proximity to an ET0 station, it 

is highly recommended to install an on-site anemometer, which could successfully 

minimize the error in ET0 estimates. 
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5. Model limitations and recommendations for further work 
 

The ET0 and ETc uncertainty error analysis reported in this thesis should only be 

viewed as an approximation to errors in reference and crop ET for fully irrigated mid-

season crops. Insight regarding the need for more accurate quantification of errors in 

ET estimates for purposes of irrigation scheduling and yield modeling was developed 

from the results and conclusions of the research. This was seen as a reconnaissance 

study, and as such a number of simplifying assumptions were made that must be kept 

in mind when reviewing the results of the study: 

 

i. The components of the uncertainty associated with weather stations estimates 

of reference ET (the uncertainty due to spatial location and weather data 

acquisition) were assumed to be independent.  The correlation between these 

components might need to be accounted for in the computation of the 

uncertainty of ET estimates. 

ii. The intrinsic uncertainty of the ET0 model was computed by analyzing the 

deviation of the daily (24-h sum) standardized PM ET0 data from the measured 

grass ET using a lysimeter. Lysimeter, weather measurements and intrinsic 

errors of the Penman model were assumed independent. The validity of this 

assumption could be tested relatively easily for any single data set involving a 

single lysimeter.  

iii. The lysimeter error was assumed to be negligible compared to the model error. 

iv. Additional research should be done to separate the total error of Kc into Kcb and 

Ks errors 

v. Additional research in the field of deficit irrigation is needed for more accurate 

quantification of the stress level. It can be investigated by measuring the soil 

moisture and the ETc simultaneously. 
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vi. The results of the single case study of on-farm anemometer improvement may 

or may not be transferrable to other situations. The solar radiation can be the 

highly variable in coastal or mountain regions. Therefore, further researches 

might include a similar analysis for many ET0 isoquant zones across California. 
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6. Conclusions 
 

This thesis summarizes the hypothesis, the analytical approach, and the results of a 

study of the order of magnitude of errors in reference (ET0) and crop (ETc) 

evapotranspiration estimates used for irrigation scheduling. This study served as an 

indicative and reconnaissance assessment of the problem. Procedures for developing 

statistical models of the various components of uncertainty, and strategies were 

developed, based on this study, to reduce the uncertainty in ET estimates.  

 

The mean and standard deviation of simulated errors were used to estimate the errors 

in irrigation scheduling caused by the scale of random, systematic and total errors due 

to weather station data uncertainties (instrumentation and spatial location) and the 

intrinsic uncertainty of the daily (24-h sum) standardized PM ET0 model for different 

irrigation scenarios, with and without accounting for the effects of serial correlation.  . 

 

 There were not sufficient data available to characterize the uncertainty of the crop 

coefficient but an estimate of mid-season bias of the crop coefficient for the specific 

circumstances of the case study was derived from surface renewal data.   

 

For the specific circumstances of the case study, results showed that: 

i. The daily random error due to the intrinsic uncertainty of the daily (24-h sum) 

standardized PM ET0 model (0.38 mm d-1 without serial correlation and 0.408 

mm d-1 with serial correlation) is larger than that due to weather station data 

uncertainties (0.326 mm d-1 without serial correlation and 0.33 mm d-1 with 

serial correlation). 

ii. The cumulative random errors by themselves are of little importance to 

irrigation scheduling if serial correlation is not accounted for in the analysis. 

But, when persistence in random errors is included, the importance of 

cumulative random errors for three alternative scenarios of 50 mm, 100 mm 



114 
 

and 150 mm allowable depletion between irrigations becomes significant. The 

average total error in ET0 due to systematic and random errors is 

underestimated by approximately 15% on a daily basis, by 40% at 50 mm 

depletion when not accounting for serial correlation. The magnitude of random 

error in ET0 at 50 mm allowable depletion is 1.575 mm (3% of the true ET 

value) without serial correlation and  4.335 mm (8% of the true ET value) with 

serial correlation 

iii. When systematic error due to weather station uncertainties is accounted for in 

ET0, the cumulative errors in ET0 estimates is greater by 4.6% than that of ET0 

estimates without weather station systematic error.  

iv. The relative error in cumulative ET0 decreases with increasing allowable 

depletion. However, differences in cumulative ET errors associated with 

differences in management allowable depletions (MAD values of 50 mm, 100 

mm, and 150 mm) were found to be relatively minor.  

v. The observed bias error in the CIMIS crop coefficient (Kc) had a substantially 

greater effect than errors associate with weather station factors or intrinsic 

errors in the PM model. There are not sufficient data to conclude whether the 

order of magnitude of the observed Kc bias is typical or unusual.  

vi. In the studied ET0 isoquant region in California, the spatial variability of 

weather parameters was the highest for the wind speed parameter. Therefore, 

in order to obtain a more accurate estimation of the reference 

evapotranspiration for a specific area in close proximity to an ET0 station, it is 

highly recommended to install an on-site anemometer which could 

successfully minimize the error in ET0 estimates 

vii. Local measurements of wind speed could considerably increase the accuracy 

of ET0 estimates, Under the particular circumstances of the present case study 

such local measurements might reduce both systematic and random errors for 

daily ET0 estimates by an average of 71% and 24% respectively. Similar 

improvements were not seen at the same magnitude for the other weather 
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parameters (solar radiation, maximum and minimum temperatures and dew 

point temperature).  

 

Concluding Remarks 

 

This study was investigated to develop insight for irrigation management strategies, 

and might provide guidance for development of mobile labs for support of irrigation 

scheduling operations. A lot of work is being done putting in more weather stations to 

get better local estimates of ET0, but the study suggests that some other investment 

strategy make economic sense: 

i. Usually scheduling consultants are taking soil moisture measurements weekly. 

A more rational approach would be to take soil moisture measurements only 

when there is a reasonable probability that soil moisture is approaching the 

management allowed level of depletion. The methodology outlined in this 

thesis could be used to establish a field measurement schedule based on 

probability estimates of cumulative ET. For example, in the case study it was 

estimated that there was a 97.5% probability that the 50 mm allowable 

depletion would not occur for thirteen days or more after the last full irrigation 

(2 x standard deviation, single tail probability, equals approximately 2 days). 

By doing so, the money saved can be used to increase the precision of the 

measurements (for example, to increase neutron probe time of measurements 

and/ or number of readings along the field). 

ii. Given the substantial error associated with the crop coefficient it would be 

helpful to have more than one set of surface renewal data for different crops 

and reference crop at the same location and for the same year for an accurate 

computation of the crop coefficient bias.    

iii. Systematic errors in Kc far outweigh the station systematic errors, therefore 

putting in temporary local instrumentation (e.g. surface renewal, eddy 

covariance) for one or two seasons to obtain order of magnitude estimates of 
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bias in Kc for principle crops may be more valuable than putting in more 

weather stations and maintaining them indefinitely.  

iv. Measurements of local wind speed considerably increased the accuracy of ET0 

estimates since the wind variability was the most important parameter in our 

study area. Therefore, it is recommended to put anemometers at each farm. It is 

easy to use, cheap to buy and cheap to maintain. 
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Appendix A - Model Verification 
 

The various components of the error model were tested to verify they accurately 

reproduced the statistical characteristics of data originally used for model development 

and calibration. This verification process should not be regarded as independent 

validation of the model; the purpose was simply to detect possible errors in 

calculations of model parameters.  

 

1. Assessing weather station bias without serial correlation in daily ET0 error 

Verification of statistical model of annual bias in weather station estimates of ET0 due 

to weather station factors: the observed annual averages of daily ET0 (ET0ij_AVG) and 

simulated weather station bias values, expressed in mm d-1 (based on Monte Carlo 

simulation with mean and standard deviation of bias equal to 1.00 and 0.043)    

without accounting for serial correlation is presented in Table A.1. The composite 

daily average bias (0.265 mm d-1) represents 4.58% of average ET0 (5.781 mm d-1). 

The original three station average relative error was 4.3%. 

  
Table A. 1 Observed annual averages of daily ET0 (ET0ij_AVG) and simulated 
weather station bias values without accounting for serial correlation. 

Year 
Daily  ET0ij_AVG  

(mm d-1) 
Mean of simulated 

bias (mm d-1) 
Standard deviation of 

simulated bias  (mm d-1) 
2000 5.774 -0.039 0.265 
2001 5.981 0.040 0.274 

2002 5.926 0.040 0.272 

2003 5.699 0.039 0.262 

2004 5.807 0.039 0.267 

2005 5.564 0.038 0.255 

2006 5.712 0.039 0.262 

2007 5.831 0.039 0.268 

2008 5.732 0.039 0.263 

Composite  0.265 
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Table A.2 Observed annual averages of cumulative ET0 (ET0ij_AVG) and simulated 
weather station bias values without accounting for serial correlation. 

Year 
Cumulative  

ET0ij_AVG  (mm) 
Mean of simulated 

bias (mm) 
Standard deviation of 
simulated bias  (mm) 

2000 831.387 -5.620 38.154 

2001 867.227 5.863 39.799 

2002 894.797 6.049 41.064 

2003 871.947 5.894 40.016 

2004 882.680 5.967 40.508 

2005 655.348 4.430 30.075 

2006 845.407 5.715 38.798 

2007 833.830 5.637 38.266 

2008 819.663 5.541 37.616 

Composite   38.255 
 

2. Assessing weather station random error without serial correlation in daily 
ET0 errors 

Verification of statistical model of annual random error in weather station estimates of 

ET0 due to weather station factors: the composite daily average random error in Table 

A.3 (0.326 mm d-1) represents 5.653% of average ET0 (5.781 mm d-1). The cumulative 

random error approached zero with an average relative error of 0.473% (Table A.4). 
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Table A.3 Season average absolute and relative error of the random error due to 
weather station without serial correlation on a daily basis 

Year 
Daily ET0ij_AVG  

(mm d-1) 

Mean of 
simulated 

random error 
 (mm d-1) 

SD of 
simulated 

random error 
(mm d-1) 

RE of  
simulated 

random error 
 (%) 

2000 5.774 -0.004 0.379 6.558 
2001 5.981 0.000 0.357 5.974 

2002 5.926 0.000 0.308 5.204 

2003 5.699 0.002 0.293 5.133 
2004 5.807 -0.001 0.249 4.293 

2005 5.564 0.001 0.379 6.818 

2006 5.712 -0.003 0.381 6.673 

2007 5.831 0.002 0.280 4.807 

2008 5.732 -0.003 0.310 5.413 

 
    0.326 5.653 

 

Table A.4 Cumulative absolute and relative error of the random error due to 
weather station without serial correlation 

Year 
Cumulative  

ET0ij_AVG  
(mm) 

Mean of 
simulated 

random error 
(mm) 

SD of simulated 
random error 

(mm) 

RE of 
simulated 

random error 
(%) 

2000 831.387 -0.540 4.601 0.553 

2001 867.227 -0.046 4.216 0.486 

2002 894.797 0.061 4.057 0.453 

2003 871.947 0.332 3.374 0.387 

2004 882.680 -0.129 3.027 0.343 

2005 655.348 -0.228 4.184 0.638 

2006 845.407 -0.468 4.415 0.522 

2007 833.830 0.225 3.577 0.429 

2008 819.663 -0.479 3.653 0.446 

Composite   3.900 0.473 
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3. Assessing intrinsic systematic error without serial correlation in daily PM ET0 

errors 
The daily estimated systematic errors were computed using Monte Carlo simulation. 

The computed ET0 for each of the three CIMIS weather stations (Gerber, Durham and 

Orland) has served as the reference values or beginnings values for the study. 100 

normally distributed slope values with a mean of 1.0005 and standard deviation of 

0.0058 were generated using Monte Carlo simulation.  Each bias value was assumed 

to be constant for a full season. The systematic error of the model at time i was 

computed using the Equation 3.14: 

𝜀(𝑀)𝑖 = 𝐸𝑇𝐿𝑦𝑠 𝑖 − 𝐸𝑇𝐶𝑃𝑀 𝑖  = 𝛽1𝐸𝑇𝑃𝑀 𝑖 − 𝐸𝑇𝑃𝑀𝑖 = 𝐸𝑇𝑃𝑀𝑖(𝛽1 − 1)    Eq. 3.14 

 

Table A.5 summarizes the daily ET0_station,  mean, standard deviation and relative error 

of simulated bias on a daily basis for nine years of simulation. This provides an 

estimate of bias due to intrinsic error without accounting for serial correlation. The 

daily randomly generated bias will be approximately normally distributed with mean 

zero mm d-1 and standard deviation 0.039 mm d-1 (Table A.5).  
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Table A.5 Summary of the daily ET0_station,  mean, standard deviation and relative 
error of simulated bias 

Year Station 
Daily 

ET0ij_station      
(mm d-1) 

Mean of 
randomly 

generated  bias        
(mm d-1) 

SD of 
randomly 

generated bias 
(mm d-1) 

Relative error 
of randomly 
generated 
bias (%) 

2000 
Glenn 5.75 -0.001 0.035 0.614 
Gerber 6.02 -0.001 0.037 0.614 
Durhan 5.55 -0.001 0.034 0.614 

2001 
Glenn 5.82 -0.006 0.029 0.501 
Gerber 6.24 -0.006 0.031 0.501 
Durhan 5.88 -0.006 0.029 0.501 

2002 
Glenn 5.84 -0.001 0.033 0.570 
Gerber 6.17 -0.001 0.035 0.570 
Durhan 5.77 -0.001 0.033 0.570 

2003 
Glenn 5.56 -0.008 0.032 0.580 
Gerber 5.98 -0.009 0.035 0.580 
Durhan 5.56 -0.008 0.032 0.580 

2004 
Glenn 5.68 -0.005 0.030 0.523 
Gerber 6.25 -0.005 0.033 0.523 
Durhan 5.49 -0.005 0.029 0.523 

2005 
Glenn 5.67 -0.009 0.028 0.503 
Gerber 5.84 -0.009 0.029 0.503 
Durhan 5.21 -0.008 0.026 0.503 

2006 
Glenn 5.74 -0.005 0.033 0.577 
Gerber 6.02 -0.005 0.035 0.577 
Durhan 5.37 -0.004 0.031 0.577 

2007 
Glenn 5.95 -0.004 0.031 0.527 
Gerber 6.16 -0.004 0.032 0.527 
Durhan 5.40 -0.003 0.028 0.527 

2008 
Glenn 5.86 -0.003 0.030 0.514 
Gerber 6.02 -0.003 0.031 0.514 
Durhan 5.31 -0.003 0.027 0.514 

Composite   5.78 0.00 0.03 0.55 
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4. Assessing systematic and random error due to model error without serial 

correlation in daily ET0 errors  
The simulated total errors of daily ET0 due to intrinsic error along nine growing 

seasons is given in Table A.6.  The mean standard deviation of total random and 

systematic errors is 0.39 mm d-1 (7%). 

 

Table A.6 Daily error of both random and systematic error due to intrinsic error 
without accounting for serial correlation  

Year Station 
Daily 

ET0_station  
(mm d-1) 

Mean of 
randomly 

generated total 
error (mm d-1) 

SD of 
randomly 

generated total 
error (mm d-1) 

RE of 
randomly 
generated 
total error 

(%) 

2000 
Glenn 5.75 -0.002 0.387 7.621 
Gerber 6.02 -0.002 0.387 6.435 
Durham 5.55 -0.002 0.387 7.893 

2001 
Glenn 5.82 -0.014 0.384 6.587 
Gerber 6.24 -0.013 0.384 6.151 
Durham 5.88 -0.013 0.384 7.039 

2002 
Glenn 5.84 0.004 0.392 6.718 
Gerber 6.17 0.004 0.393 6.771 
Durham 5.77 -0.001 0.391 6.770 

2003 
Glenn 5.56 -0.010 0.384 7.788 
Gerber 5.98 -0.011 0.384 7.230 
Durham 5.56 -0.010 0.384 7.717 

2004 
Glenn 5.68 -0.006 0.390 6.867 
Gerber 6.25 -0.007 0.391 6.508 
Durham 5.49 -0.006 0.390 7.113 

2005 
Glenn 5.67 -0.004 0.387 7.984 
Gerber 5.84 -0.005 0.387 7.593 
Durham 5.21 -0.004 0.387 8.603 

2006 
Glenn 5.74 0.000 0.388 6.757 
Gerber 6.02 0.000 0.388 6.448 
Durham 5.37 0.000 0.388 7.534 

2007 
Glenn 5.95 -0.005 0.390 6.552 
Gerber 6.16 -0.005 0.390 6.334 
Durham 5.40 -0.004 0.390 7.220 

2008 
Glenn 5.86 -0.005 0.385 6.577 
Gerber 6.02 -0.006 0.386 6.404 
Durham 5.31 -0.005 0.385 7.247 

Composite   5.78 0.00 0.39 7.05 
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Appendix B - Analysis of Persistence  
 

Part 1: Serial correlation in the random component of station error 

First, the residuals (random error) of reference ET and their partial autocorrelation 

function (PACF) at different lags were computed using the longest time series of 

reference ET for each station.  Table B.1, B.2 and B.3 show the partial autocorrelation 

function (PACF) up to lag 21 for the three CIMIS stations (Glenn, Gerber and 

Durham) along nine growing seasons (2000-2008).  A 95% confidence interval 

(± 2
√𝑁

; where N is the sample size) around the zero line is included. The critical value 

for the correlation coefficient should fall within this interval to the null hypothesis to 

be considered significant. We observe that most PACF at lag 1 falls within the 95% 

confidence interval for Glenn and Durham station (Table B.1 and B.3).  Two years 

(2008 and 2002) having a small sample size were disregarded. The AR is appropriate 

up to lag 3 for Gerber station with a PACF> 95% CI (Table B.2).  

 

The partial autocorrelation plot of serial random error shows clear statistical 

significance for lag 1 at Glenn station in 2003. The PACF is equal to 0.55 at lag 1 and 

lag 0 is always 1 (Figure 3.9). The next few lags are far from the borderline of 

statistical significance ((±ℎ/√𝑁) = 0.16).  The order of the AR model is one. 

 

Second, the independent component of the random error in ET0 estimates was 

computed according to the following equation: 

 

𝜀𝐹𝑅(𝑊𝑆)𝑖𝑗 = 𝜀𝑅(𝑊𝑆)𝑖𝑗 − 𝜌1𝜀𝑅(𝑊𝑆)(𝑖−1)𝑗 …− 𝜌𝑘𝜀𝑅(𝑊𝑆)(𝑖−𝑘)𝑗           Eq. 3.10 

 

where:  

𝜀𝐹𝑅(𝑊𝑆)𝑖𝑗 = filtered random error due to weather station uncertainty at 

day i for a given year j (mm d-1)  
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𝜀𝑅(𝑊𝑆)(𝑖−𝑘)𝑗 = original or unfiltered random error due to weather station 

uncertainty at day i-k for a given year j (mm d-1) 

𝜌𝑘  =  partial autocorrelation coefficient for lag k to the series of 

random error (dimensionless) 

 
Table B. 1 Summary of the serial partial autocorrelation coefficient of random 
errors due to weather station uncertainty for Glenn station along nine growing seasons. 

  
Partial Autocorrelation function (PACF)                                                    

Glenn station 
Year 2008 2007 2006 2005 2004 2003 2002 2001 2000 
95% CI ρ(K) 0.33 0.25 0.23 0.16 0.17 0.16 0.37 0.25 0.21 
Sample size 37 66 75 150 141 153 29 66 88 
Lag                   
1 0.27 0.50 0.64 0.64 0.42 0.55 0.11 0.32 0.74 
2 0.11 0.04 0.02 0.12 -0.11 -0.06 -0.14 -0.27 0.01 
3 -0.04 0.01 -0.19 0.02 0.07 -0.05 0.01 -0.03 0.35 
4 -0.04 0.01 0.06 -0.05 0.01 0.08 -0.04 -0.03 -0.04 
5 -0.07 0.06 0.10 0.05 0.05 0.06 -0.23 -0.05 -0.06 
6 0.00 0.26 0.09 0.15 0.07 -0.05 0.12 0.00 0.12 
7 0.02 0.09 0.08 -0.03 0.09 0.05 0.02 -0.01 0.03 
8 -0.19 0.17 -0.18 0.12 -0.06 -0.02 -0.05 -0.01 -0.17 
9 -0.26 -0.06 -0.12 0.15 0.07 0.12 0.09 0.06 -0.04 
10 -0.30 -0.06 0.00 0.05 0.04 0.04 -0.26 0.15 -0.12 
11 0.11 0.00 -0.04 0.13 -0.01 -0.07 -0.02 -0.07 0.13 
12 0.02 0.12 0.07 -0.02 0.14 -0.02 -0.28 0.16 0.01 
13 -0.28 -0.07 -0.24 0.05 0.08 0.14 -0.07 0.13 0.21 
14 -0.03 0.00 -0.04 0.00 0.07 0.02 -0.07 0.14 0.09 
15 0.10 -0.10 -0.03 0.00 0.02 -0.05 

 
0.12 0.04 

16 
 

-0.01 0.11 0.00 0.02 0.00 
 

-0.01 0.12 
17 

 
-0.16 -0.08 0.07 0.09 -0.04 

 
-0.03 -0.08 

18 
 

0.01 0.03 0.00 0.03 -0.08 
 

0.02 -0.17 
19 

   
-0.04 0.00 0.00 

  
-0.07 

20 
   

0.02 -0.05 0.02 
   21       -0.08 0.01 -0.03       
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Table B. 2 Summary of the serial partial autocorrelation coefficient of random 
errors due to weather station uncertainty for Gerber station along nine growing 
seasons. 

  
Partial Autocorrelation function (PACF)                                                 

Gerber station 
Year 2008 2007 2006 2005 2004 2003 2002 2001 2000 
95% CI 
ρ(K) 

0.33 0.25 0.23 0.16 0.17 0.16 0.37 0.25 0.21 

Sample 
size 

37 66 75 150 141 153 29 66 88 

Lag                   
1 0.04 0.07 0.40 0.58 0.44 0.43 -0.13 0.25 0.65 
2 -0.02 0.13 0.23 0.19 0.31 0.26 -0.18 0.32 0.07 
3 0.33 -0.12 -0.04 0.28 0.21 -0.08 -0.15 0.28 0.12 
4 0.26 0.08 -0.02 0.11 0.13 0.18 -0.08 -0.18 0.10 
5 -0.06 -0.05 0.05 0.00 0.00 0.09 0.13 -0.16 -0.03 
6 -0.05 -0.01 0.00 -0.04 -0.01 0.08 -0.28 -0.03 0.03 
7 -0.22 -0.09 0.12 0.00 0.11 0.07 -0.25 0.10 0.15 
8 0.05 0.26 -0.08 -0.12 0.10 0.02 -0.33 -0.15 -0.04 
9 0.18 0.10 0.09 0.00 -0.05 0.02 -0.01 -0.13 0.19 
10 -0.11 -0.01 0.00 0.04 0.14 -0.07 -0.11 0.02 -0.03 
11 0.28 0.03 -0.06 -0.01 -0.01 0.09 -0.04 -0.18 0.21 
12 0.13 -0.07 -0.06 0.03 0.16 0.06 -0.05 0.01 -0.02 
13 0.02 -0.04 0.17 0.21 0.05 -0.03 -0.09 -0.23 0.05 
14 -0.16 -0.23 0.15 -0.01 -0.12 0.06 -0.10 -0.12 -0.10 
15 -0.29 -0.02 0.12 0.09 -0.04 -0.20 

 
0.03 -0.06 

16 
 

-0.14 -0.01 0.08 -0.01 -0.05 
 

0.06 0.04 
17 

 
-0.18 -0.02 0.05 -0.10 -0.10 

 
0.27 -0.02 

18 
 

-0.03 -0.08 0.06 -0.07 0.03 
 

-0.22 0.04 
19 

   
0.08 0.11 -0.07 

  
-0.13 

20 
   

-0.01 -0.13 0.13 
   21       0.04 0.06 -0.02       
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Table B. 3 Summary of the serial partial autocorrelation coefficient of random 
errors due to weather station uncertainty for Durham station along nine growing 
seasons. 

  Partial Autocorrelation function (PACF)                                          
 Durham station 

Year 2008 2007 2006 2005 2004 2003 2002 2001 2000 
95% CI 
ρ(K) 0.33 0.25 0.23 0.16 0.17 0.16 0.37 0.25 0.21 

Sample 
size 37 66 75 150 141 153 29 66 88 

Lag                   
1 0.40 0.17 0.60 0.20 0.52 0.60 0.11 0.42 0.58 
2 0.03 0.13 0.15 0.13 0.11 0.04 -0.35 -0.03 -0.05 
3 0.10 0.01 -0.14 0.10 0.11 -0.06 -0.16 0.08 0.09 
4 -0.03 0.05 0.19 0.11 0.12 0.05 -0.05 -0.02 -0.12 
5 0.17 0.08 0.08 -0.05 -0.02 -0.05 0.07 0.13 -0.07 
6 -0.10 -0.05 0.07 0.07 0.19 0.04 -0.36 -0.06 0.00 
7 0.03 -0.23 -0.03 0.05 0.12 -0.01 0.10 0.11 -0.16 
8 -0.14 0.08 -0.07 -0.11 0.03 0.02 -0.02 -0.17 -0.06 
9 -0.09 0.13 -0.04 -0.02 0.01 0.06 0.12 0.06 0.07 
10 -0.19 -0.05 -0.03 -0.05 0.04 0.06 0.00 -0.09 -0.09 
11 0.18 0.01 -0.07 -0.06 0.10 0.02 0.08 -0.11 0.03 
12 0.11 0.03 0.18 -0.04 0.12 -0.02 -0.19 -0.08 -0.07 
13 -0.14 0.09 -0.02 -0.04 0.02 0.11 -0.11 0.12 0.10 
14 -0.04 -0.12 -0.20 -0.01 -0.01 -0.14 0.00 0.04 -0.02 
15 -0.07 -0.15 0.00 0.02 -0.08 -0.01 

 
0.05 -0.10 

16 
 

-0.02 0.03 0.08 -0.03 -0.05 
 

-0.22 0.07 
17 

 
-0.09 -0.01 0.03 -0.03 -0.03 

 
0.01 -0.05 

18 
 

-0.01 0.03 0.04 -0.08 0.03 
 

-0.08 -0.11 
19 

   
0.09 0.04 0.03 

  
-0.07 

20 
   

-0.07 -0.04 0.11 
   21       -0.01 0.01         
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Tables B.4 and B.5 present a summary of daily and cumulative random error (white 

noise) after accounting for serial correlation. The average standard deviation is 0.244 

mm

 

 daily (4.308%) and 0.12 mm per season (0.01%) for the three stations along 7 

years. 

Table B.4 Seasonal average absolute and relative error of the random error 
(independent component) with serial correlation due to spatial location and weather 
data acquisition on a daily basis for years 2000-2008. 

Year Station 

Average 
daily 

ET0ij_station  
(mm d-1) 

Mean of daily 
random error 

(mm d-1) 

SD of daily 
random error 

(mm d-1) 

Relative error 
of daily 

random error   
(%) 

2003 
Glenn  5.557 0.003 0.221 3.976 
Gerber 5.975 0.004 0.217 3.623 
Durham 5.565 -0.009 0.261 4.689 

2004 
Glenn  5.808 0.005 0.197 3.399 
Gerber 6.399 0.006 0.193 3.015 
Durham 5.608 -0.017 0.258 4.595 

2005 
Glenn  5.658 0.008 0.202 3.570 
Gerber 5.834 0.010 0.233 3.998 
Durham 5.207 -0.005 0.412 7.909 

Composite   -0.001 0.244 4.308 
 

Table B. 5 Cumulative absolute and relative error of the random error after 
accounting for serial correlation due to spatial location and weather data acquisition 
for the growing season of 2000-2008. 

Year Station Cumulative 
ET0_AVG  (mm) 

Total random 
error (mm) 

Relative error of 
total random error   

(%) 

2003 
Glenn  850.280 0.474 0.056 
Gerber 914.180 0.631 0.069 
Durham 851.380 -1.351 -0.159 

2004 
Glenn  818.910 0.697 0.085 
Gerber 902.320 0.871 0.096 
Durham 790.720 -2.411 -0.305 

2005 
Glenn  848.650 1.253 0.148 
Gerber 875.110 1.764 0.202 
Durham 775.820 -0.783 -0.101 

Composite   0.12 0.01 
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Tables B.6 present the absolute random error after accounting for serial correlation. 

The average random error is 0.323 mm d-1 (5.613%). 

 

Table B. 6 Seasonal average absolute and relative error of the random error with 
serial correlation due to spatial location and weather data acquisition on a daily basis 
for years 2000-2008. 

Year Station 
Daily 

ET0ij_AVG  
(mm) 

Mean of 
daily random 
error (mm) 

SD of daily 
random 

error (mm) 

Relative 
error of daily 
random error   

(%) 

2003 
Glenn  5.669 -0.003 0.271 4.776 
Gerber 6.096 0.004 0.275 4.514 
Durham 5.605 -0.005 0.329 5.861 

2004 
Glenn  5.808 -0.001 0.218 3.746 
Gerber 6.399 -0.070 0.501 7.822 
Durham 5.608 -0.004 0.298 5.311 

2005 
Glenn  5.658 0.000 0.262 4.629 
Gerber 5.834 -0.011 0.338 5.800 
Durham 5.207 0.004 0.420 8.060 

Composite   -0.010 0.323 5.613 
 

Assessing systematic and random error due to weather station uncertainty with 
serial correlation in daily ET0 errors  
 

Table B.7 and B.8 show the absolute and relative error of the total error of weather 

station (combined value of random and systematic errors due to spatial location and 

instrumentation error) for three years. When accounting for serial correlation in daily 

ET0 errors, the daily total error had a value of 0.416 mm d-1 (7.743%). The cumulative 

total error had a comparable value of 39.993mm (4.735%).  
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Table B. 7 Season average absolute and relative error of total weather station error 
after accounting to serial correlation on a daily basis for years 2003-2005. 

Year Station 
Daily 

ET0_estimated  
(mm) 

Mean of 
daily total 

error  (mm) 

SD of                  
daily total 
error (mm) 

RE of daily 
total error   

(%) 

2005 Glenn 5.678 0.010 0.378 7.374 

 
Gerber 5.842 -0.001 0.441 8.295 

 
Durham 5.220 0.013 0.488 10.632 

2004 Glenn 5.824 0.016 0.353 6.160 

 
Gerber 6.349 -0.051 0.567 9.014 

 
Durham 5.620 0.012 0.401 7.219 

2003 Glenn 5.578 -0.034 0.354 6.848 

 
Gerber 6.004 -0.030 0.367 6.499 

 
Durham 5.584 -0.036 0.396 7.642 

Composite   -0.011 0.416 7.743 
 

Table B. 8 Cumulative absolute and relative error of total weather station error 
after accounting for serial correlation along the growing season of 2003-2005. 

Year Station 
Cumulative  
ET0_estimated            

(mm) 

Mean of 
cumulative total 

error                 
(mm) 

SD of                  
cumulative 
total error                    

(mm) 

RE of 
cumulative 
total error                         

(%) 
2005 Glenn 846.026 1.476 40.434 4.788 

 
Gerber 870.509 -0.131 43.088 4.949 

 
Durham 777.746 1.926 36.947 4.762 

2004 Glenn 821.133 2.223 39.260 4.794 

 
Gerber 895.192 -7.128 57.570 6.380 

 
Durham 792.424 1.704 38.061 4.813 

2003 Glenn 831.053 -5.067 34.171 4.087 

 
Gerber 894.575 -4.405 36.646 4.076 

  Durham 832.015 -5.435 33.221 3.967 
Composite   -1.649 39.933 4.735 
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Part 2: Serial correlation in the intrinsic error of the Penman-Monteith ET0 
models estimates 

The second step was to look for persistence in intrinsic error between day i and day (i-

k) i.e. find the partial autocorrelation coefficient at lag k, ρk based on regression 

residuals then fit the regression with filtered variables (Section 3.3). 

 

To compute the PACF at lag k for the series at time i and their values at time i-k, the 

same continuous data series of 112 consecutive daily ET0 was used. Eight missing data 

were synthetically generated using the 45 consecutive daily ET0 from the original 

CIMIS data. This series is the longest set of lysimeter data and its corresponding 

CIMIS data that exist in the growing season of 2004. The partial autocorrelation 

function (PACF) at different lag are presented in Table B.9 

 

Table B. 9 Summary of the partial autocorrelation function at different lag for the 
residuals from the regression of lysimeter on PM ET model. 

lag k PACF   lag k PACF 

0 1.000   8 -0.1134 

1 0.3946   9 0.0505 

2  0.3141   10 -0.0809 

3 0.1546   11 0.0831 

4 0.1717   12 -0.0587 

5 0.0682   13 -0.0894 

6 0.1219   14 -0.0863 

7 0.0803   15 0.2227 

 

 

 

 



139 
 
Table B. 10 Summary of the serial correlation computation for the intrinsic error, 
2004 (sample) 

Date PM ET0  
Lysimeter 

ET0 
Residual Filtered 

PM ET  
Filtered 

Lysimeter  
      0.395 0.395 0.395 
      0.314 0.314 0.314 

6/11 7.090 7.095 0.002   
6/12 7.050 6.864 -0.189   
6/13 7.770 7.753 -0.021 2.761 2.816 
6/14 7.500 7.570 0.066 2.220 2.355 
6/15 6.990 6.574 -0.419 1.590 1.152 
6/16 7.650 7.736 0.082 2.536 2.764 
6/17 5.990 6.128 0.135 0.776 1.010 
6/18 5.980 5.225 -0.758 1.213 0.377 
6/19 6.660 6.541 -0.122 2.419 2.554 
6/20 7.090 7.285 0.192 2.584 3.063 
6/21 7.030 7.235 0.202 2.140 2.306 
6/22 7.090 7.354 0.261 2.089 2.211 
6/23 7.410 7.774 0.360 2.404 2.600 
6/24 7.290 7.566 0.272 2.139 2.188 
6/25 7.950 7.968 0.014 2.746 2.541 
6/26 8.020 8.252 0.228 2.593 2.731 
6/27 6.790 6.904 0.111 1.128 1.145 
6/28 7.060 7.078 0.015 1.862 1.761 
6/29 6.120 5.958 -0.165 1.201 0.997 
6/30 6.050 6.067 0.014 1.418 1.493 
7/1 6.010 5.975 -0.038 1.700 1.709 
7/2 6.370 7.381 1.008 2.098 3.118 
7/3 6.700 6.718 0.015 2.299 1.928 
7/4 6.900 6.783 -0.120 2.255 1.814 
7/5 7.250 7.366 0.112 2.423 2.579 
7/6 7.330 7.388 0.054 2.302 2.351 
7/7 6.830 7.130 0.297 1.660 1.901 
7/8 6.290 6.539 0.246 1.293 1.405 
7/9 6.060 6.821 0.758 1.433 2.001 
7/10 6.490 6.121 -0.372 2.123 1.376 
7/11 7.140 7.152 0.009 2.676 2.594 
7/12 7.320 7.451 0.127 2.464 2.706 
7/13 7.270 7.323 0.049 2.139 2.136 
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Table B.11 present the results of the absolute and relative error of the daily systematic 

error of ET0 using Monte Carlo simulation and nine years of the daily station ET0 data. 

The average standard error of the systematic due to intrinsic (model error) with serial 

correlation in daily ET0 errors is 0.09 mm d-1 (1.58%)  

 
  
Table B. 11 Estimate of bias due to intrinsic error with serial correlation 

Year Station 
Daily 

ET0ij_station      
(mm d-1) 

Mean of 
randomly 

generated  bias   
 (mm d-1) 

SD of 
randomly 
generated 

bias (mm d-1) 

RE of 
randomly 
generated 
bias (%) 

2000 
Glenn 5.75 -0.002 0.096 1.678 
Gerber 6.02 -0.002 0.101 1.678 
Durham 5.55 -0.002 0.093 1.678 

2001 
Glenn 5.82 0.009 0.083 1.427 
Gerber 6.24 0.009 0.089 1.427 
Durham 5.88 0.009 0.084 1.427 

2002 
Glenn 5.84 -0.011 0.095 1.631 
Gerber 6.17 -0.011 0.101 1.631 
Durham 5.77 -0.011 0.094 1.631 

2003 
Glenn 5.56 -0.018 0.092 1.652 
Gerber 5.98 -0.019 0.099 1.652 
Durham 5.56 -0.018 0.092 1.652 

2004 
Glenn 5.68 -0.002 0.086 1.515 
Gerber 6.25 -0.002 0.095 1.515 
Durham 5.49 -0.002 0.083 1.515 

2005 
Glenn 5.67 -0.009 0.088 1.559 
Gerber 5.84 -0.009 0.091 1.559 
Durham 5.21 -0.008 0.081 1.559 

2006 
Glenn 5.74 -0.007 0.091 1.577 
Gerber 6.02 -0.008 0.095 1.577 
Durham 5.37 -0.007 0.085 1.577 

2007 
Glenn 5.95 -0.020 0.089 1.503 
Gerber 6.16 -0.021 0.093 1.503 
Durham 5.40 -0.018 0.081 1.503 

2008 
Glenn 5.86 0.000 0.098 1.672 
Gerber 6.02 0.000 0.101 1.672 
Durham 5.31 0.000 0.089 1.672 

Composite   5.78 -0.01 0.09 1.58 
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Assessing systematic and random error due to model error with serial correlation 
in daily ET0 errors  
The randomly generated random and systematic errors due to intrinsic error along nine 

growing seasons are given in Table B.12.  The mean standard deviation of total errors 

is 0.42 mm d-1 (7.66%). 

 

Table B. 12 Daily error of both random and systematic error due to intrinsic error 
after accounting for serial correlation along the growing season of 2000-2008. 

Year Station 
Daily 

ET0_station  
(mm d-1) 

Mean of 
randomly 

generated total 
error  (mm d-1) 

SD of 
randomly 

generated total 
error (mm d-1) 

RE of 
randomly 

generated total 
error (%) 

2000 
Glenn 5.75 -0.017 0.422 8.242 
Gerber 6.02 -0.017 0.423 7.021 

Durham 5.55 -0.017 0.421 8.517 

2001 
Glenn 5.82 0.014 0.421 7.238 
Gerber 6.24 0.014 0.422 6.759 

Durham 5.88 0.013 0.421 7.688 

2002 
Glenn 5.84 -0.024 0.415 7.109 
Gerber 6.17 -0.025 0.416 7.160 

Durham 5.77 -0.024 0.415 7.191 

2003 
Glenn 5.56 -0.015 0.418 8.381 
Gerber 5.98 -0.016 0.420 7.817 

Durham 5.56 -0.015 0.418 8.289 

2004 
Glenn 5.68 0.016 0.420 7.389 
Gerber 6.25 0.015 0.422 7.032 

Durham 5.49 0.016 0.419 7.645 

2005 
Glenn 5.67 -0.009 0.425 8.699 
Gerber 5.84 -0.009 0.426 8.288 

Durham 5.21 -0.008 0.423 9.356 

2006 
Glenn 5.74 -0.001 0.423 7.370 
Gerber 6.02 -0.001 0.424 7.040 

Durham 5.37 0.000 0.422 8.172 

2007 
Glenn 5.95 -0.008 0.423 7.109 
Gerber 6.16 -0.009 0.424 6.882 

Durham 5.40 -0.006 0.421 7.805 

2008 
Glenn 5.86 -0.005 0.430 7.339 
Gerber 6.02 -0.005 0.431 7.155 

Durham 5.31 -0.005 0.428 8.052 

 
  5.78 -0.01 0.42 7.66 
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Appendix C – Graphs showing the errors reduction in ET0 estimates by local 
measurements of wind speed 

 

Reduction of errors in ET0 estimates using daily weather data in standardized 
daily PM ET0 
 

  

Figure C.1 Year 2006 linear regression of daily PM_ET0 calculated from daily 
weather data for Gerber station versus daily PM_ET0 calculated from daily weather 
data from a) Durham station, and b) Durham station except for daily average wind 
speed that is substituted by daily average wind speed measured at Gerber station. 
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Figure C.2 Year 2006 linear regression of daily PM_ET0 calculated from daily 
weather data for Gerber station versus daily PM_ET0 calculated from daily weather 
data from a) Orland station, and b) Orland station except for daily average wind speed 
that is substituted by daily average wind speed measured at Gerber station. 

 

Figure C.3 Year 2006 linear regression of daily PM_ET0 calculated from daily 
weather data for Orland station versus daily PM_ET0 calculated from daily weather 
data from a) Durham station, and b) Durham station except for daily average wind 
speed that is substituted by daily average wind speed measured at Orland station. 
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Figure C.4 Year 2007 linear regression of daily PM_ET0 calculated from daily 
weather data for Gerber station versus daily PM_ET0 calculated from daily weather 
data from a) Durham station, and b) Durham station except for daily average wind 
speed that is substituted by daily average wind speed measured at Gerber station. 

 

Figure C.5 Year 2007 linear regression of daily PM_ET0 calculated from daily 
weather data for Gerber station versus daily PM_ET0 calculated from daily weather 
data from a) Orland station, and b) Orland station except for daily average wind speed 
that is substituted by daily average wind speed measured at Gerber station. 
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Figure C.6 Year 2007 linear regression of daily PM_ET0 calculated from daily 
weather data for Orland station versus daily PM_ET0 calculated from daily weather 
data from a) Durham station, and b) Durham station except for daily average wind 
speed that is substituted by daily average wind speed measured at Orland station. 

 

Figure C.7 Year 2008 linear regression of daily PM_ET0 calculated from daily 
weather data for Gerber station versus daily PM_ET0 calculated from daily weather 
data from a) Durham station, and b) Durham station  except for daily average wind 
speed that is substituted by daily average wind speed measured at Gerber station. 
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Figure C.8 Year 2008 linear regression of daily PM_ET0 calculated from daily 
weather data for Gerber station versus daily PM_ET0 calculated from daily weather 
data from a) Orland station, and b) Orland station except for daily average wind speed 
that is substituted by daily average wind speed measured at Gerber station. 

 

Figure C.9 Year 2008 linear regression of daily PM_ET0 calculated from daily 
weather data for Orland station versus daily PM_ET0 calculated from daily weather 
data from a) Durham station, and b) Durham station except for daily average wind 
speed that is substituted by daily average wind speed measured at Orland station. 
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Figure C.10 Year 2006-2008 linear regression of daily PM_ET0 calculated from 
daily weather data for Gerber station versus daily PM_ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for daily average 
wind speed that is substituted by daily average wind speed measured at Gerber station. 

 

Figure C.11 Year 2006-2008  linear regression of daily PM_ET0 calculated from 
daily weather data for Gerber station versus daily PM_ET0 calculated from daily 
weather data from a) Orland station, and b) Orland station  except for daily average 
wind speed that is substituted by daily average wind speed measured at Gerber station. 
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Figure C.12 Year 2006-2008 linear regression of daily PM_ET0 calculated from 
daily weather data for Orland station versus daily PM_ET0 calculated from daily 
weather data from a) Durham station, and b) Durham station except for daily average 
wind speed that is substituted by daily average wind speed measured at Orland station. 
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