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Abstract 1 

The complementary principle has been widely used to estimate evaporation under different 2 

conditions. However, it remains unclear at which time scale the complementary principle 3 

performs best. In this study, evaporation estimations were conducted at 88 eddy covariance 4 

(EC) monitoring sites at multiple time scales (daily, weekly, monthly, and yearly) by using 5 

sigmoid and polynomial generalized complementary functions. The results indicate that the 6 

generalized complementary functions exhibit the highest skill in estimating evaporation at the 7 

monthly scale. The uncertainty analysis shows that this conclusion is not affected by 8 

ecosystem type or energy balance closure method. Through comparisons at multiple time 9 

scales, we found that the slight difference between the two generalized complementary 10 

functions only exists when the independent variable (x) in the functions approaches 1. The 11 

results differ for the two models at daily and weekly scales. However, such differences vanish 12 

at monthly and annual time scales with few high x values occurring. This study demonstrates 13 

the applicability of generalized complementary functions across multiple time scales and 14 

provides a reference for choosing a suitable timestep for evaporation estimations in relevant 15 

studies.   16 
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1. Introduction 20 

Terrestrial evaporation (E) including soil evaporation, wet canopy evaporation, and plant 21 

transpiration, is one of the most important components in the global water cycle and energy 22 

balance (Wang and Dickinson, 2012). The evaporation process affects the atmosphere 23 

through a series of feedbacks involving humidity, temperature, and momentum (Brubaker 24 

and Entekhabi, 1996; Neelin et al., 1987; Shukla and Mintz, 1982). Quantifying evaporation 25 

is crucial for a deep understanding of water and energy interactions between the land surface 26 

and the atmosphere. Generally, meteorological studies focus on evaporation changes at 27 

hourly and daily scales; hydrological applications require evaporation data at weekly, 28 

monthly or longer time scales (Morton, 1983); and climate change studies focus more on 29 

interannual variations. The observation of E can occur at different time scales. For example, 30 

the eddy covariance, lysimeter, and scintillometer can measure evaporation at the half-hour 31 

scale, and water balance methods can observe evaporation at monthly to yearly scales (Wang 32 

and Dickinson, 2012). However, in most situations, an observation is unavailable, and the 33 

estimation of E is necessary. There are several types of methods for evaporation estimations, 34 

for example, the Budyko-type methods (Budyko, 1974; Fu, 1981), the Penman-type methods 35 

(Penman, 1948; Monteith, 1965) and the complementary-type methods (Bouchet, 1963; 36 

Brutsaert and Stricker, 1979). The Budyko-type methods perform well at annual or longer 37 

time scales; the Penman-type methods can be applied at hourly and daily scales, while the 38 

complementary-type methods are used at multiple time scales (Crago and Crowley, 2005; 39 

Han and Tian, 2018; Crago and Crowley, 2018; Ma et al., 2019) without explicit 40 

consideration of the time scale issue. 41 

 42 
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Recently, the complementary principle, as one of the major types of E estimation methods, 43 

has drawn increasing attention because it can be implemented with standard meteorological 44 

data (radiation, wind speed, air temperature, and humidity) without complicated underlying 45 

surface properties. Based on the coupling between the land surface and the atmosphere, the 46 

complementary principle assumes that the limitation of the wetness state in the underlying 47 

surface on evaporation can be synthetically reflected by atmospheric wetness (Han et al., 48 

2020). Bouchet (1963) first proposed the “complementary relationship” (CR), which 49 

suggested that apparent potential evaporation (Epa) and actual E depart from potential 50 

evaporation (Epo) in equal absolute values but opposite directions (Epa − Epo = Epo − E). 51 

According to the Advection–Aridity approach (AA, Brutsaert and Stricker, 1979), Epa is 52 

formulated by Penman’s (1948) equation (Epen), and Epo is formulated by Priestley-Taylor’s 53 

(1972) equation (EPT). Subsequently, the CR was extended to a linear function with an 54 

asymmetric parameter (Brutsaert and Parlange, 1998). Further studies have found that the 55 

linear function underestimates E in arid environments and overestimates E in wet 56 

environments (Han et al., 2008; Hobbins et al., 2001; Qualls and Gultekin, 1997). To address 57 

this issue, Han et al. (2011; 2012; 2018) proposed a sigmoid generalized complementary 58 

function (SGC, see equation (1) for details). As a modification to the AA approach, the SGC 59 

function illustrates the relationship between two dimensionless terms, E/Epen and Erad/Epen, 60 

where Epen is Penman evaporation (Penman, 1948) and Erad is the radiation term of Epen. The 61 

SGC function shows higher accuracy in estimating E (Han and Tian, 2018; Ma et al., 2015b; 62 

Zhou et al., 2020) and outperforms the linear functions, especially in dry desert regions and 63 

wet farmlands (Han et al., 2012). Obtaining the impetus from Han et al. (2012), Brutsaert 64 
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(2015) proposed a quartic polynomial generalized complementary function (PGC, see 65 

equation (5) for detail). The PGC function describes the relationship between E/Epa and 66 

Epo/Epa, where Epa and Epo are formulated in the manner of the AA approach. The PGC 67 

function has also been frequently used in recent years (Brutsaert et al., 2017; Hu et al., 2018; 68 

Liu et al., 2016; Zhang et al., 2017). 69 

 70 

The prerequisite of the complementary principle is adequate feedback between the land 71 

surface and the atmosphere, which results in an equilibrium state. In this situation, the 72 

wetness condition of the land surface can be largely represented by the atmospheric 73 

conditions. Therefore, the time scales used in the complementary principle need to satisfy the 74 

adequate feedback assumption. However, this issue involves the complex processes of 75 

atmospheric horizontal and vertical motion, and these processes are difficult to explain 76 

theoretically. Morton (1983) noted this problem earlier and suggested that the complementary 77 

principle is not suitable for short time scales (e.g., less than 3 days) mainly because of the 78 

potential lag times associated with the response of energy and water vapor storage to 79 

disturbances in the atmospheric boundary layer. However, there is no solid evidence or 80 

theoretical identification to support this inference. The original complementary relationship 81 

and the AA function are not limited by applicable time scales. In the derivation of the 82 

advanced generalized complementary functions (SGC of Han and Tian (2018) and PGC of 83 

Brutsaert (2015)), no specific time scale is defined. In practice, the complementary principle 84 

has been widely adopted to estimate E at multiple time scales, including hourly (Crago and 85 

Crowley, 2005; Parlange and Katul, 1992), daily (Han and Tian, 2018; Ma et al, 2015b), 86 
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monthly (Ma et al, 2019; Brutsaert, 2019), and annual scales (Hobbins et al., 2004). The 87 

accuracy of the results have varied in different studies. Crago and Crowley (2005) found that 88 

the linear complementary function performs well in estimating E at small time scales of less 89 

than half-hour using the data from several well-known experimental projects (e.g., 90 

International Satellite Land Surface Climatology Project). The correlation coefficient 91 

between simulated E and observed E ranges from 0.87 to 0.92 in different experiments. The 92 

results of Ma et al. (2015b) indicated that the SGC function (Root-Mean-Square Error, 93 

RMSE = 0.39 mm day−1) performs well in estimating E in an alpine steppe region of the 94 

Tibetan Plateau at the daily scale. Han and Tian (2018) applied the SGC function to the daily 95 

data of 20 EC sites from FLUXNET and found that it performed well in estimating E with a 96 

mean Nash‐Sutcliffe efficiency (NSE) value of 0.66. Crago and Qualls (2018) evaluated the 97 

PGC function and their rescaled complementary functions using the weekly data of 7 98 

FLUXNET sites in Australia, and the results showed that all the functions performed 99 

adequately with a correlation coefficient between simulated E and observed E higher than 100 

0.9. Ma et al. (2019) also validated an emendatory polynomial complementary function at the 101 

monthly scale, and the NSE values of 13 EC sites in China were higher than 0.72. At the 102 

annual scale, Zhou et al. (2020) found that the mean NSE of the SGC function was 0.28 for 103 

15 catchments in the Loess Plateau. Since these results were derived with different functions 104 

under varied conditions, it is difficult to determine at which time scale the performance is the 105 

best, and it is more difficult to explain theoretically how long the land-atmosphere feedback 106 

needs to achieve equilibrium.  107 

 108 
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In previous studies, the model validations were mostly completed at the daily scale 109 

(Brutsaert, 2017; Han and Tian 2018; Wang et al. 2020), and the datasets of evaporation 110 

estimation were often established at the monthly scale (Ma et al., 2019; Brutsaert et al., 111 

2019). However, each study only focused on a single timescale. In this study, we assessed the 112 

performance of the complementary functions on evaporation estimation at multiple time 113 

scales (daily, weekly, monthly, and yearly). The assessment was carried out at 88 EC 114 

monitoring sites with > 5-year-long observation records. In view of the fact that the 115 

complementary principle has developed to the nonlinear generalized forms, we selected two 116 

nonlinear complementary functions in the literature, i.e., the SGC function (Han et al., 2012; 117 

2018) and the PGC function (Brutsaert, 2015). The key parameters of the complementary 118 

functions need to be determined by calibration. We chose the uniform database and the 119 

uniform parameter calibration methods for the optimization of the two complementary 120 

functions. We aimed to determine the most suitable timescale for the complementary 121 

functions through a comparison of the performances at different timescales. It’s important for 122 

not only a deep understanding of the application of the complementary principle but also 123 

timestep selection in evaporation database establishment and evaporation trend analysis.  124 

 125 

This paper is organized as follows: Section 1 briefly describes the development of the 126 

complementary theory and our motivations to investigate the timescale issue. Section 2 127 

describes the two functions, the parameter calibration method, and the data sources and 128 

processing. Section 3 shows and discusses the performance of the complementary functions 129 

at multiple time scales, the dependence of the key parameters on time scales, and the 130 
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uncertainties in the analysis. The conclusions are given in Section 4. 131 

 132 

2. Methodology 133 

2.1 Sigmoid generalized complementary function 134 

Han et al. (2012; 2018) proposed a generalized form of the complementary function that 135 

expresses E/Epen as a sigmoid function (SGC) of Erad/Epen: 136 

 𝑦 =
𝐸

𝐸𝑃𝑒𝑛
=

1

1 + 𝑚 (
𝑥𝑚𝑎𝑥  −  𝑥
𝑥 −  𝑥𝑚𝑖𝑛

)
𝑛 137 

                                      𝑥 =
𝐸𝑟𝑎𝑑

𝐸𝑃𝑒𝑛
                                 (1) 138 

where xmax corresponds to the certain maximum value of x under extremely wet 139 

environments, and xmin corresponds to the certain minimum value of x under extremely arid 140 

environments. In this study, xmax and xmin were set as 1 and 0, respectively, for convenience. 141 

The Epen term is defined by Penman’s equation (Penman, 1950; Penman, 1948), which can be 142 

expressed as: 143 

𝐸𝑝𝑒𝑛 =
Δ(𝑅𝑛−𝐺)

Δ+𝛾
+  

𝜌𝑐𝑝

Δ+𝛾

𝜅2𝑢

𝑙𝑛(
𝑧−𝑑0
𝑧0𝑚

) 𝑙𝑛(
𝑧−𝑑0
𝑧0𝑣

)
(𝑒𝑎

∗ − 𝑒𝑎)               (2) 144 

where, Δ (kPa C−1) is the slope of the saturation vapor curve at air temperature; Rn is the net 145 

radiation; G is the ground heat flux; γ (kPa C−1) is a psychrometric constant; ρ is the air 146 

density; cp is the specific heat; κ = 0.4 is the von Karman constant; u is the wind speed at 147 

measurement height; 𝑒𝑎
∗ and ea are the saturated and actual vapor pressures of air, 148 

respectively; z is the measurement height (Table S1); d0 is the displacement height; z0m and 149 

z0v are the roughness lengths for momentum and water vapor, respectively, which are 150 

estimated from the canopy height (hc, Table S1), 𝑑0 = 0.67ℎ𝑐, 𝑧0𝑚 = 0.123ℎ𝑐, and 𝑧0𝑣 =151 

0.1𝑧0𝑚 (Monin and Obukhov, 1954; Allen et al., 1998). Erad is the radiation term of Penman 152 
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evaporation: 153 

𝐸𝑟𝑎𝑑 =
Δ(𝑅𝑛−𝐺)

Δ+𝛾
             (3) 154 

 155 

The two parameters m and n of equation (1) can be determined by the Priestley-Taylor 156 

coefficient α and the asymmetric parameter b (Han and Tian, 2018).  157 

{
𝑛 = 4𝛼(1 + 𝑏−1)𝑥0.5(1 − 𝑥0.5)

𝑚 = (
𝑥0.5

1−𝑥0.5
)𝑛                                  

                        (4) 158 

where, x0.5 is a variable that corresponds to y = 0.5 and equals 
0.5+𝑏−1

𝛼(1+𝑏−1)
.  159 

 160 

2.2 Polynomial generalized complementary function 161 

Brutsaert (2015) proposed the polynomial generalized complementary (PGC) function, which 162 

describes the relationship between E/Epa and Epo/Epa. We uniformed the independent variable 163 

as Erad/Epen to compare the two functions conveniently, and the polynomial function can be 164 

expressed as: 165 

𝑦 = (2 − 𝑐)𝛼2𝑥2 − (1 − 2𝑐)𝛼3𝑥3 − 𝑐𝛼4𝑥4                 (5) 166 

where, c is an adjustable parameter. When c = 0, equation (5) reduce to  167 

𝑦 = 2𝛼2𝑥2 − 𝛼3𝑥3                          (6) 168 

 169 

2.3 Parameter optimization method 170 

Typically, α has a default value of 1.26 (Priestley & Taylor, 1972). Since some studies have 171 

shown that a constant α may cause illogical results and biases in estimating E, it is suggested 172 

to specify α for diverse scenarios (Hobbins, Ramírez, Brown, & Claessens, 2001; Ma et al., 173 

2015a; Sugita et al., 2001; Szilagyi, 2007). According to the complementary principle, under 174 
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wet conditions, E is close to Epen and the Priestley-Taylor’s evaporation (EPT = α Erad). 175 

Specifically, when E/Epen is larger than a threshold (0.9 is commonly adopted), EPT can be 176 

considered to be approximately equal to the observed E; thus, α can be calculated by E/Erad 177 

(Kahler and Brutsaert, 2006; Ma et al., 2015a). In this study, α was calculated by this method 178 

based on the mean value of E/Erad under wet conditions (E/Epen > 0.9). When all the E/Epen 179 

values are less than 0.9, α was set as the default value of 1.26. The key parameter b in SGC 180 

was calibrated by an optimization algorithm with the objective function as the minimization 181 

of the mean absolute error (MAE) between the estimated E (by equation (1)) and the 182 

observed E. Similarly, the key parameter c in PGC was calibrated by an optimization 183 

algorithm with the objective function as the minimization of the MAE between the estimated 184 

E (by equation (5)) and the observed E. Since we used the optimization algorithm to 185 

determine the parameter b in the SGC function, it is a fair manner to use the optimal c value 186 

instead of a constant value (c = 0) in the PGC function. 187 

 188 

To make the model parsimonious, we gave one value for the parameters (α, b and c) at each 189 

site for every different time scale. If the parameter was alterable, for example, it was monthly 190 

dependent, and we would have to calibrate 12 parameters instead of one value for the whole 191 

study period. The purpose of this study is to determine the most suitable timescale for the 192 

complementary functions, and the variances of the key parameter within a timescale will 193 

introduce extra uncertainties. The accuracy will increase when an alterable parameter (that 194 

means a higher number of parameters) is used; however, the probability of overfitting risk 195 

will increase at the same time. In addition, in comparison to a group of parameters, a general 196 
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representation of the parameter is more helpful in detecting its overall trend as the change in 197 

the timescale. 198 

 199 

2.4 Data sources and data processing 200 

The eddy flux data analyzed in this study were obtained from the FLUXNET database 201 

(http://fluxnet.fluxdata.org, Baldocchi et al., 2001). Observations from a total of 88 sites 202 

around the world were analyzed. Detailed information on these sites is listed in Table S1. 203 

These sites were selected from the FLUXNET database because they have observations 204 

longer than 5 years. The 88 sites include 11 IGBP (International Geosphere-Biosphere 205 

Programme) land cover classes: ENF, evergreen needleleaf forests (27 sites); EBF, evergreen 206 

broadleaf forests (8); DBF, deciduous broadleaf forests (13); MF, mixed forests (5); OSH, 207 

open shrublands (4); CSH, closed shrublands (1); WSA, woody savannas (3); SAV, savannas 208 

(4); GRA, grasslands (15); CRO, croplands (6); and WET, permanent wetlands (2). The 209 

climates of the 88 sites range from arid to humid. Among the 88 sites, 11 sites have mean 210 

annual precipitation levels lower than 200 mm, 47 sites have precipitation levels between 200 211 

~ 500 mm, and 30 sites have precipitation levels above 500 mm. Eleven sites are located in 212 

the Southern Hemisphere (i.e., Australia, Brazil, and South Africa) and the others are located 213 

in the Northern Hemisphere. 214 

 215 

Variables including net radiation, sensible heat flux, latent heat flux, ground heat flux, wind 216 

speed, air temperature, air pressure, precipitation, relative humidity, and vapor pressure 217 

deficit were acquired from the daily, weekly, and monthly datasets on the FLUXNET 218 
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website. We analyzed the observations in the growing seasons from April to September for 219 

the Northern Hemisphere and from October to March for the Southern Hemisphere. These 220 

study periods were selected to avoid the high biases caused by the low level of solar radiation 221 

or extremely low evaporation (≈ 0) during the nongrowing season. The seasonal and annual 222 

data were acquired by averaging the monthly data of the growing seasons. Following Ershadi 223 

et al. (2014), the energy residual corrected latent heat fluxes were used, which means the 224 

residual term in the energy balance is attributed to the latent heat to force the energy balance 225 

closure. To investigate the influence of different residual correction methods, the Bowen ratio 226 

energy balance method was also adopted in the uncertainty analysis. In the Bowen ratio 227 

method, the residual term is attributed to sensible heat and latent heat by preserving the 228 

Bowen ratio (Twine et al., 2000). The latent heat, sensible heat, and available energy (Rn – G) 229 

are restricted to positive values (Han and Tian, 2018). The energy balance residual (W m−2) 230 

and energy balance closure ratio for each site are shown in Table S1. 231 

 232 

The Nash‐Sutcliffe efficiency (NSE, Legates and McCabe, 1999) is used to evaluate the 233 

efficiency of estimating E by the two generalized complementary functions: 234 

NSE = 1 −
∑(𝐸−𝐸𝑒𝑠𝑡)2

∑(𝐸−𝐸̅)2                            (7) 235 

where, Eest (W m−2) is the estimated evaporation according to equation (1) or equation (5) and 236 

𝐸̅ is the mean value of E (W m−2).  237 

 238 

3. Results and discussion 239 

3.1 Performance of the SGC function at multiple time scales  240 
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The relationship between the estimated Eest (site mean values) based on the SGC function 241 

(equation (1)) and the observed E at the 88 sites at multiple time scales is shown in Figure 1. 242 

The regression equations and determination coefficients (R2) were calculated by the site mean 243 

results. Each dot in Figure 1 represents the site mean result averaged by daily (Figure 1a), 244 

weekly (Figure 1b), monthly (Figure 1c), and yearly (Figure 1d) results, and the total 245 

observation number is 88 (sites) at each timescale. Most of the results are near the 1:1 line, 246 

and all the regression slopes are close to 1 with high R2 (0.95 ~ 0.99), which means the 247 

sigmoid function exhibits a good performance in estimating E at multiple time scales. The 248 

evaluation merits show that the performance varies at each time scale. The NSE values of the 249 

SGC functions for each site at different time scales are listed in Table S2. For the 88 sites, 250 

nearly half of the sites (40) have the highest NSE at the monthly scale, 12 sites have the 251 

highest NSE at the daily scale, 13 sites have the highest NSE at the weekly scale, and 23 sites 252 

have the highest NSE at the annual scale. The mean results of NSEH, R2
H, and RMSEH (the 253 

subscript H corresponds to the sigmoid function proposed in Han and Tian, 2018) of these 254 

sites are shown in Table 1. R2
H represents the mean value averaged by the determination 255 

coefficients within each site. When the timescale changes from day to month, the mean NSEH 256 

increases from 0.33 to 0.55, and R2
H also increases from 0.61 to 0.75 (Table 1). However, 257 

they both decrease at the annual scale (NSEH = 0.18 and R2
H = 0.61). These results indicate 258 

that the SGC function exhibits the highest skill at the monthly scale. We inferred that there is 259 

a tradeoff between the random error and the number of observations. RMSEH values decrease 260 

from 24.56 W m−2 at the daily scale to 7.33 W m−2 at the annual scale, which means that the 261 

random error decreases as the time scale increases. At the same time, the fewer observations 262 
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at the annual scale result in decreased variabilities of x and y, which affect the performance of 263 

the SGC function. On the other hand, Morton (1983) did not suggest using the 264 

complementary principle for short time intervals (e.g., less than 3 days), mainly considering 265 

the lag times associated with heat and water vapor change in the atmosphere, which may 266 

provide a possible inference for the weak performance at the daily scale.  267 

 268 

In previous studies, the SGC function was mainly applied at the daily scale. For example, the 269 

results of Ma et al. (2015b) in the alpine steppe region showed that the NSE of the sigmoid 270 

function is 0.26 at the daily scale, which is lower than our mean value in the grassland (0.73 271 

± 0.08). The RMSE (11.06 W m−2) is smaller than ours (16.36 ± 1.48 W m−2). The mean NSE 272 

of the 20 EC sites from FLUXNET is 0.66 at the daily scale in Han and Tian (2018), 273 

approximately two times the result in this study, and the RMSE (18.6 ± 0.94 W m−2) is lower 274 

than our mean result of 88 sites (24.56 ± 0.95 W m−2).  275 

  276 

The SGC function for the five selected sites of different ecosystem types is shown in Figure 2 277 

to show the performance at multiple time scales (red lines in Figure 2). These five EC 278 

monitoring sites were selected because they have long-term observations (> 10 years). The 279 

five sites include an evergreen needle forest (CA-TP1, Figures 2(a) to (d)), a deciduous broad 280 

forest (US-UMB, Figures 2(e) to (h)), a woody savanna (US-SRM. Figures 2(i) to (l)), a 281 

cropland (US-Ne2, Figures 2(m) to (p)) and a grassland (US-Wkg, Figures 2(q) to (t)). As 282 

observations decrease from the daily to the annual scale, the results converge on the middle 283 

part of the sigmoid curves and lie closer to the fitted lines. For some sites, the annual results 284 
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concentrate on a narrow range with lower annual variabilities (e.g., Figures 2(h), 2(l) & 2(t)). 285 

Generally, the key parameter (b) of the SGC function at these sites increases from the daily 286 

scale to the annual scale, which indicates that the sigmoid curves in the two-dimensional 287 

space of Erad/Epen-E/Epen move upwards. A detailed discussion about the variation in the 288 

parameters is provided in Section 3.4.  289 

 290 

3.2 Performance of the PGC function at multiple time scales  291 

The relationship between the estimated Eest (site mean values) based on the PGC function 292 

(equation (5)) and the observed E at the 88 sites at multiple time scales is shown in Figure 3. 293 

The slopes of the regression increase from 0.9 to 1 as the timescale changes from day to 294 

month and further increase to 1.01 at the annual scale. The intercept terms decrease from 295 

13.06 W m−2 at the daily scale to 0.01 W m−2 at the monthly scale and further decrease to 296 

−0.25 W m−2 at the annual scale. The R2 values increase from 0.83 to 0.99 as the time scale 297 

increases. These coefficients of the regression show that the PGC function exhibits the 298 

highest skill at the monthly scale. The NSE values of the PGC functions for each site at 299 

different time scales are listed in Table S2. For the 88 sites, 42 sites have the highest NSE at 300 

the monthly scale, 7 sites have the highest NSE at the daily scale, 14 sites have the highest 301 

NSE at the weekly scale, and 25 sites have the highest NSE at the annual scale. The mean 302 

values of NSEB, R2
B, and RMSEB (the subscript B corresponds to the polynomial function 303 

proposed in Brutsaert, 2015) of these sites are shown in Table 1. When the timescale changes 304 

from day to month, NSEB increases from 0.19 to 0.50, and R2
B increases from 0.61 to 0.75. 305 

They decrease at the annual scale (NSE = 0.25 and R2
H = 0.63). Again, these evaluation 306 
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merits indicate that the PGC function also exhibits the highest skill at the monthly scale, 307 

which is the same as for the SGC function.  308 

 309 

The PGC function has been applied at multiple time scales in previous studies. Zhang et al. 310 

(2017) evaluated the performance of the PGC function in estimating evaporation at 4 EC flux 311 

sites located across Australia, and their results showed that the mean RMSE (24.67 W m−2) 312 

and R2 (0.65) are close to our results (RMSE = 26.83 ± 1.16 W m−2 and R2 = 0.61) at the 313 

daily scale. In Crago and Qualls (2018), the mean RMSE of 7 EC sites at the weekly scale 314 

was 20.6 W m−2 and the mean R2 was 0.81, which are close to our mean results (RMSE = 315 

19.17 ± 0.95 W m−2 and R2 = 0.7).  316 

 317 

The PGC functions for the five selected sites are also shown in Figure 2 (green lines). The 318 

fitted lines are almost the same as those of the SGC function in most situations when x is not 319 

too high. However, they diverge from each other when x becomes larger. Finally, y exceeds 1 320 

when x is larger than 1/α. Generally, the key parameter (c) of the PGC function at these sites 321 

decreases from the daily scale to the annual scale, which also indicates that the fitted curves 322 

move upwards. 323 

  324 

3.3 Performance comparison of the SGC and PGC functions 325 

The results from the 88 sites (Figure 1, Figure 3 and Table 1) show that the performances of 326 

the two functions are similar at monthly and annual time scales, while the SGC function 327 

performs slightly better than the PGC function at daily and weekly time scales. According to 328 
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the results in Figure 2, the two functions with calibrated parameters are approximately 329 

identical under non-humid environments, but their difference increases as x (Erad/Epen) 330 

increases. We found that the values of α for all sites are greater than 1.0 in our study, which 331 

means that the PGC model cannot work properly under the condition of 1/α < Erad/Epen < 1.0. 332 

At daily and weekly time scales, a substantial number of ecosystems can produce very high 333 

Erad/Epen values. Specifically, 63 of the 88 sites have high Erad/Epen values (x > 1/α) at the 334 

daily scale, and 24 sites have high values at the weekly scale. However, there are only 3 sites 335 

with an x > 1/α at the monthly scale, and no site has that value at the yearly scale. For the 336 

SGC function, in super humid conditions, the upper part of the sigmoid curve is nearly flat 337 

and closer to the observations (e.g., Figures 2 (a), (m) & (n)). However, for the PGC function, 338 

theoretically, it cannot be applied when x is over 1/α because the estimated Eest will be higher 339 

than Epen, which is illogical. Thus, the sigmoid function performs slightly better at daily and 340 

weekly time scales than the polynomial function. However, the difference vanishes at the 341 

monthly scale as few high Erad/Epen values occur. 342 

 343 

According to the results, the performance of the PGC function is more sensitive to the 344 

timestep than that of the SGC function. On the one hand, the regression relationship between 345 

Eest and the observed E of the 88 sites shows that the performance of the SGC function 346 

remains more stable (Figure 1), while the regression results of the PGC function have higher 347 

variation when the time scale changes (Figure 3). On the other hand, the estimation merits 348 

(Table 1) further confirm the sensitivity of the PGC function. From the daily scale to the 349 

monthly scale, the increase in NSEH is 0.22, while the increase in NSEB is 0.31; RMSEH 350 
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decreases by 11.36 W m−2 (46%), and RMSEB decreases by 13.13 W m−2 (49%). At the daily 351 

scale, quite a few ecosystems (63 of 88 sites) can experience frequent high Erad/Epen (> 1/α) 352 

values, and the PGC function does not have the ability to simulate E accurately in this 353 

situation (Eest > Epen) resulting in lower efficiency. We have carried out an additional analysis 354 

that adopts E = Epen for 1/α < Erad/Epen < 1.0 in the PGC function, and the resultant NSEB 355 

(0.19 vs 0.19) and RMSEB (26.83 W m−2 vs 26.68 W m−2) present very similar results. As the 356 

time scale increases, the results converge on the middle part of the fitted line, and the number 357 

of high x greatly decreases (Figure 2). Thus, the efficiency of the PGC function obviously 358 

increases. This is the reason that the polynomial function acts more sensitive to the timestep. 359 

 360 

In addition, we found that the two complementary functions perform reasonably well at 361 

shorter timescales (i.e., day and week) with relatively high R2 values. Additionally, the 362 

estimations of site mean evaporation at shorter timescales are accurate (Figure 1 and Figure 363 

3), especially for the SGC function. These results suggest that the generalized complementary 364 

functions have the ability to estimate evaporation accurately even at shorter timescales. 365 

 366 

3.4 Dependence of the key parameters of the SGC and PGC functions on time scales 367 

The key parameters of the two complementary functions (b of the SGC function and c of the 368 

PGC function) vary at multiple time scales (Figure 2). To explore their changes, the values of 369 

1/b and c at the 88 sites were averaged at each timescale. To take into account the situation in 370 

which b is equal to infinity, we used 1/b instead of b in this analysis. Figure 4 shows the 371 

change in the two complementary functions with varied parameters at multiple time scales. 372 
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The averaged 1/b decreases from 0.45 ± 0.05 at the daily scale to 0.24 ± 0.03 at the annual 373 

scale (Figure 4a), and the averaged c decreases from 0.98 ± 0.19 at the daily scale (Figure 4b) 374 

to −0.37 ± 0.22 at the annual scale. The sign of c changes from positive to negative at the 375 

monthly scale.  376 

 377 

We show the histograms of 1/b and c at multiple time scales in Figure 5 and Figure 6, 378 

respectively. At the daily scale, half of the 1/b values are lower than 0.3, and the mean value 379 

is 0.45 ± 0.05. At the weekly scale, the peak of the distribution moves left, and almost half of 380 

the 1/b values are lower than 0.2 with a mean value of 0.36 ± 0.04. At the monthly scale, the 381 

mean value is 0.29 ± 0.04, and the 1/b values continue to decrease. At the annual scale, the 382 

mean value decreases to 0.24 ± 0.03, and 61% of the 1/b values are lower than 0.2. According 383 

to Figure 6, at the daily scale, c follows a normal distribution (p-value = 0.17, Kolmogorov-384 

Smirnov test) with a mean value of 0.98 ± 0.21. Nearly 1/3 of the c values are lower than 0. 385 

At the weekly scale, the center of the distribution moves left with a mean value of 0.43 ± 386 

0.24. Half of the c values are lower than 0. At the monthly scale, the mean value is −0.04 ± 387 

0.23, and 58% of the c values are lower than 0. At the annual scale, the mean value decreases 388 

to −0.37 ± 0.25, and 63% of the c values are lower than 0. These results support our 389 

conclusion that 1/b and c decrease as the time scale increases. Generally, the distribution of 390 

1/b and c also moves left within each ecosystem type according to Figures 5 and 6. 391 

 392 

The reduction in 1/b and c indicates that the curves of the complementary functions move 393 

upwards as the time scale increases. Under non-humid conditions, the sigmoid function is a 394 
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concave function, which means:  395 

1

2
[𝑓(𝑥1)  +  𝑓(𝑥2)] >  𝑓(

𝑥1+ 𝑥2

2
)                       (8) 396 

where, f is the concave function, and x1 and x2 represent any two values on the x-axis. Since 397 

most of the results follow the fitted line, the averaged results of the longer timestep will move 398 

upwards in the two-dimensional space of Erad/Epen-E/Epen, as well the new fitted curve. 399 

Although under super humid conditions, the SGC function is a convex function, there are 400 

fewer data under this condition as the time scale increases, and the shape of this part is almost 401 

unchanged (Figure 4a). For the PGC function, when x is in the range of 0 to 1/α, most part of 402 

it is a concave function. For example, in the situation where c is equal to 0, the second 403 

derivative is higher than 0 as long as x is lower than 2/3.  404 

 405 

Furthermore, we found that the two key parameters b and c present a significant correlation, 406 

which provides additional evidence that the two functions can substitute each other in a 407 

sense. In other words, the two functions with calibrated parameters substantially provide 408 

similar descriptions of the distribution of the results in the state space (x = Erad/Epen, y 409 

=E/Epen). They can covert to each other in most situations since the two functions are 410 

generally equivalent to the linear asymmetric function when x is neither excessively large nor 411 

excessively small. The relationship can be described as follows: 1/b = 0.01c2 + 0.11c + 0.24 412 

with R2 being higher than 0.96 at the monthly scale (Figure 7). The relationship remains at 413 

other time scales with a slight difference in the regression coefficients. At the daily scale, 414 

when c is equal to 0, the corresponding b is equal to 4.5, which is the same as that of the 415 

theoretical derivation in Brutsaert (2015).  416 
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 417 

In this study, the physical meaning of the Priestley-Taylor coefficient α, which represents the 418 

ratio of EPT (the Priestley-Taylor evaporation) and Erad with the default value of 1.26 419 

(Priestley & Taylor, 1972; Brutsaert & Stricker, 1979), was retained. This fundamental 420 

definition of α may result in a smaller range of Erad/Epen in the PGC function. Liu et al. (2016) 421 

suggested that αe (the calibrated α with c = 0) in the PGC function is only a weak analog of 422 

the Priestley-Taylor coefficient, and Brutsaert (2019) directly considered αe as an adjustable 423 

parameter, which can be equal to or smaller than 1. We added the analysis that c is fixed to 0 424 

and α is calibrated as αe. This analysis showed that the two methods provide similar results 425 

(mean RMSE = 14.99 W m−2 for αe vs 16.67 W m−2 for α), and the conclusion of the time 426 

scale issue is consistent by adopting either α or αe in the analysis. The optimal αe has a 427 

significantly negative linear relationship with the optimal c and the Pearson correlation 428 

coefficient is −0.8. This scenario suggests that calibrating either of the two parameters (αe and 429 

c) is equivalent (Han et al., 2012).  430 

 431 

3.5 Uncertainty analysis  432 

3.5.1 Influence of ecosystem types 433 

The evaluation merits of the generalized complementary functions may differ among 434 

ecosystem types. However, our results show that such variation generally does not affect our 435 

conclusion that the complementary functions perform best at the monthly scale. We show the 436 

performance of the two functions at multiple timescales for each ecosystem type in Table S3. 437 

Generally, the SGC function and the PGC function perform best at the monthly scale in most 438 
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ecosystem types (9 of 11) with the highest NSE and R2, which is consistent with the overall 439 

results. The exceptions include a closed shrubland site (CSH, N = 1) and evergreen broadleaf 440 

forests (EBF, N = 8), in which the complementary functions do not perform as well as in 441 

other ecosystem types. The CSH site (IT-Noe) has the highest NSEH (0.11) and NSEB (0.12) 442 

at the annual scale. In the EBF group, the highest NSEH (0.15) and NSEB (0.03) occur at the 443 

weekly scale, but the R2 values at the weekly scale (R2
H = 0.64; R2

B= 0.62) and those at the 444 

monthly scale (R2
H = 0.62; R2

B = 0.61) are similar. The RMSEs at the weekly scale are 14.95 445 

W m−2 and 16.08 W m−2 for the sigmoid function and polynomial function, respectively, and 446 

those values at the monthly scale are 12.36 W m−2 (RMSE H) and 12.93 W m−2 (RMSE B). We 447 

inferred that the abnormal results of these two exceptions are related to the lower NSE values 448 

in these ecosystem types. The mean NSE values at multiple time scales of CSH (−0.75) and 449 

EBF (−0.66) are negative, while the values of the other ecosystem types are all positive. 450 

 451 

3.5.2 Performance at the seasonal scale 452 

In consideration of the substantial discrepancy between the monthly results and the annual 453 

results, we added an analysis at the seasonal scale, which is between the two timesteps. The 454 

relationship between the estimated Eest (site mean values) and the observed E of the 88 sites 455 

at the seasonal scale is shown in Figure S1. For the SGC function, the regression result at the 456 

seasonal scale is similar to that at the monthly scale (Figure S1a and Figure 1c). The values of 457 

NSEH (0.33), R2
H (0.61), and RMSEH (10.16 W m−2) at the seasonal scale are between the 458 

monthly results and the yearly results (Table 1). For the PGC functions, the regression result 459 

at the seasonal scale is extremely close to that at the yearly scale (Figure S1b and Figure 3d). 460 
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The evaluation merits (NSEB = 0.31; R2
B = 0.63; RMSEB = 9.94 W m−2) also range between 461 

the monthly results and the yearly results (Table 1). These results indicate that the decline in 462 

model efficiency has already occurred at the seasonal scale and support our conclusion that 463 

the complementary functions perform best at the monthly scale. 464 

 465 

In addition, we also tested the influence of the different energy balance closure methods. The 466 

results based on both the “energy residual” (ER) closure correction (e.g., Ershadi et al., 2014; 467 

Han and Tian 2018) and the “Bowen ratio” (BR) closure correction support our conclusion 468 

that the generalized complementary functions perform best at the monthly scale (Table S4). 469 

 470 

4. Conclusions 471 

In this study, evaporation estimations were assessed at 88 EC monitoring sites at multiple 472 

time scales (daily, weekly, monthly, and yearly) by using two generalized complementary 473 

functions (the SGC function and the PGC function). The performances of the complementary 474 

functions at multiple time scales were compared, and the variation in the key parameters at 475 

different time scales was explored. The main findings are summarized as follows: 476 

 477 

(1) The sigmoid and polynomial generalized complementary functions exhibit higher skill in 478 

estimating evaporation at the monthly scale than at the other evaluated scales. The highest 479 

evaluation merits were obtained at this time scale. The accuracy of the complementary 480 

functions highly depends on the calculation timestep. The NSE increases from the daily scale 481 

(0.26, averaged by NSEH and NSEB) to the weekly scale (0.37) and monthly scale (0.53), 482 
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while it decreases at the seasonal scale (0.32) and the annual scale (0.22). The regression 483 

parameters between estimated Eest and observed site mean E also support this conclusion for 484 

the PGC function. The variations among the different ecosystem types or between different 485 

energy balance closure methods generally have no effect on this conclusion. Further 486 

evaporation estimation studies with complementary functions can choose the monthly 487 

timestep to achieve the most accurate results. 488 

 489 

(2) The SGC function and the PGC function are approximately identical under non-humid 490 

environments, while the SGC function performs better under super humid conditions implied 491 

by high values of x (> 1/α) when the PGC function is theoretically useless (Eest > Epen). At 492 

daily and weekly time scales, a substantial number of ecosystems can experience frequent 493 

high x values, and thus, the SGC function performs slightly better than the PGC function at 494 

these time scales. However, both functions perform very similarly at monthly and annual 495 

time scales with few high x values. In addition, the performance of the PGC function is more 496 

sensitive to the timestep than that of the SGC function. 497 

 498 

(3) The key parameter b of the SGC function increases and the key parameter c of the PGC 499 

function decreases as the time scale increases. The value of 1/b is a quadratic function of c 500 

with a higher R2 (> 0.96). The relationship at the monthly scale can be described as 1/b = 501 

0.01c2 + 0.11c + 0.24. This relationship indicates that the two functions serve as substitutes to 502 

some extent.  503 

 504 
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In this study, i to determine the most suitable time scale for applying the complementary 505 

principle, the key parameters (b and c) were calibrated to achieve the best model performance 506 

at each timescale. Further studies on the prognostic application of the complementary 507 

principle could focus on the reasonable prediction of the key parameters, and with the 508 

predictable flexible parameters at different timescales, the complementary principle could be 509 

integrated into hydrological models to reduce the uncertainty associated with evaporation 510 

estimations.  511 
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List of Figure Captions 

 

Figure 1. The estimated evaporation based on the SGC function (equation (1)) vs the 

observed site mean evaporation at the daily scale (a), weekly scale (b), monthly scale (c) and 

yearly scale (d). Each dot represents the site mean result (N = 88 in each panel). The 

regression equations and determination coefficients (R2) were calculated by the site mean 

results of the 88 EC sites. 

Figure 2. Plots of E/Epen with respect to Erad/Epen for five selected sites at multiple time 

scales. The black dots represent the observations; the red lines represent the SGC function; 

the green lines represent the PGC function; the blue lines are the P-T and Penman boundary 

lines. ENF, evergreen needleleaf forests; DBF, deciduous broadleaf forests; WSA, woody 

savannas; CRO, croplands; GRA, grasslands. 

Figure 3. As in Figure 1 except for PGC function (equation (5)). 

Figure 4. Plots of the SGC equation (1) with α = 1.26 and varying 1/b values at multiple time 

scales (a). Plots of the PGC equation (5) with α = 1.26 and varying c values at multiple time 

scales (b). The blue lines are the P-T and Penman boundary lines. 

Figure 5. Distribution of the key parameter 1/b at daily scale (a), weekly scale (b), monthly 

scale (c) and yearly scale (d): EBF, evergreen broadleaf forests (8); ENF, evergreen 

needleleaf forests (27); DBF, deciduous broadleaf forests (13); MF, mixed forests (5); Shrub 

(12), closed shrubland, open shrublands, woody savannas and savannas; CRO, croplands (6); 

WET, permanent wetlands (2). 

Figure 6. Distribution of the key parameter c at daily scale (a), weekly scale (b), monthly 

scale (c) and yearly scale (d): EBF, evergreen broadleaf forests (8); ENF, evergreen 
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needleleaf forests (27); DBF, deciduous broadleaf forests (13); MF, mixed forests (5); Shrub 

(12), closed shrubland, open shrublands, woody savannas and savannas; CRO, croplands (6); 

WET, permanent wetlands (2). 

Figure 7. Relationships between 1/b and c at the monthly scale. 
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Table 1. The evaluation merits (NSE, R2 and RMSE in W m−2) of the two generalized 

complementary functions using the “energy residual” (ER) closure correction method. The 

subscript H and B correspond to the SGC function proposed in Han and Tian (2018) and the 

PGC function proposed in Brutsaert (2015), respectively. 

  Day Week Month Season Year 

NSEH 0.33 0.44 0.55 0.33 0.18 

NSEB 0.19 0.3 0.50 0.31 0.25 

R2
H 0.62 0.7 0.74 0.61 0.61 

R2
B 0.61 0.7 0.75 0.63 0.63 

RMSEH 24.56 17.67 13.20 10.16 7.33 

RMSEB 26.83 19.17 13.70 9.94 6.96 
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Figure 1. The estimated evaporation based on the SGC function (equation (1)) vs the 

observed site mean evaporation at the daily scale (a), weekly scale (b), monthly scale (c) and 

yearly scale (d). Each dot represents the site mean result (N = 88 in each panel). The 

regression equations and determination coefficients (R2) were calculated by the site mean 

results of the 88 EC sites. 
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Figure 2. Plots of E/Epen with respect to Erad/Epen for five selected sites at multiple time 

scales. The black dots represent the observations; the red lines represent the SGC function; 

the green lines represent the PGC function; the blue lines are the P-T and Penman boundary 

lines. ENF, evergreen needleleaf forests; DBF, deciduous broadleaf forests; WSA, woody 

savannas; CRO, croplands; GRA, grasslands. 
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Figure 3. As in Figure 1 except for PGC function (equation (5)). 
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Figure 4. Plots of the SGC equation (1) with α = 1.26 and varying 1/b values at multiple time 

scales (a). Plots of the PGC equation (5) with α = 1.26 and varying c values at multiple time 

scales (b). The blue lines are the P-T and Penman boundary lines. 
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Figure 5. Distribution of the key parameter 1/b at daily scale (a), weekly scale (b), monthly 

scale (c) and yearly scale (d): EBF, evergreen broadleaf forests (8); ENF, evergreen 

needleleaf forests (27); DBF, deciduous broadleaf forests (13); MF, mixed forests (5); Shrub 

(12), closed shrubland, open shrublands, woody savannas and savannas; CRO, croplands (6); 

WET, permanent wetlands (2).  
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Figure 6. Distribution of the key parameter c at daily scale (a), weekly scale (b), monthly 

scale (c) and yearly scale (d): EBF, evergreen broadleaf forests (8); ENF, evergreen 

needleleaf forests (27); DBF, deciduous broadleaf forests (13); MF, mixed forests (5); Shrub 

(12), closed shrubland, open shrublands, woody savannas and savannas; CRO, croplands (6); 

WET, permanent wetlands (2).  
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Figure 7. Relationships between 1/b and c at the monthly scale. 

 


