
1 

 

Revisiting the Hydrological Basis of the Budyko Framework With 1 

the Hydrologically Similar Groups Principle  2 

Yuchan Chen1, Xiuzhi Chen1, Meimei Xue1, Chuanxun Yang2,3, Wei Zheng1, Jun Cao4, Wenting Yan1, 3 

Wenping Yuan1 4 

1Guangdong Province Key Laboratory for Climate Change and Natural Disaster Studies, School of Atmospheric Sciences, 5 

Sun Yat-sen University, Zhuhai, 519082, China; 6 
2Guangzhou Institute of Geochemistry, Chinese Academy of Sciences, Guangzhou, 510640, China; 7 
3University of Chinese Academy of Sciences, Beijing, 100049, China; 8 
4Guangdong provincial Academy of Environmental Science, Guangzhou, 510635, China; 9 

Correspondence to: Xiuzhi Chen (chenxzh73@mail.sysu.edu.cn) 10 

Abstract. The Budyko framework is a simple but and effective tool for estimating the watershed water balance estimation. 11 

Accurate estimation. Quantification of the watershed characteristic-related parameter (Pw) is critical to accurate water 12 

balance simulations by using the Budyko framework. However, there is no universal quantification criterion method for  13 

calculating the Pw because of as the complex interactions between hydrologic, climatic, and watershed characteristic 14 

factors at global scales differ greatly between watersheds globally. Therefore, To fill this research gap,  this research this 15 

study introduced the hydrologically similar groups principle into the Budyko framework and defined the criteria provided 16 

a framework for quantifying the Pw of watersheds in similar environments. We firstly classified global the selected 366 17 

watersheds worldwide into six hydrologically similar groups based on watershed attributes, including climate, soil moisture, 18 

and vegetation, and identified the . Results show that soil moisture (SM) and fractional vegetation cover (FVC) are two 19 

controlling factors of the Pw in each group hydrologically similar group. Our results show that the Pw is closely related to 20 

soil moisture (SM) and the power function gradually changes from positive to negative as soil moisture increases. The Pw 21 

values in dry watersheds (SM≤20mm) monotonically increase with SM but in humid watersheds (SM>20mm) convert to 22 

monotonically decrease with SM, in power functions.The relationship between the Pw and fractional vegetation cover 23 

(FVC) can be described with different linear equations in different hydrologic similarity groups And the FVC shows 24 

linearly correlated with the Pw values of watersheds in most hydrologically similar groups, except in the group those with 25 

no strong seasonality and moist soils. Based on these relationships, a model for estimating the Pw (PwM) was established 26 

with Then, multiple non-linear regression methods models between the Pw and its the controlling factors (SM and FVC) 27 

were developed to estimate the Pw for the six hydrologically similar groups individually. Then, we used bootstrapping and  28 

reconstruction methods to verify the usability of PwM. The validation results illustrate that PwM overall presents a 29 
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satisfactory performance through bootstrapping (R2 = 0.63) and runoff reconstruction (R2 = 0.89). Cross-validations using 30 

the bootstrap sampling method (R2 = 0.63) and validations of time-series GRDC runoff data (R2 = 0.89) both indicate that 31 

the proposed models overall present a satisfactory performance of the Pw parameter in the Budyko framework. Results 32 

show that the hydrologically similar groups method can quantify the Pw and the improved Budyko framework can aptly 33 

simulate global runoff, especially in humid watersheds. Overall, this study is a new attempt to quantify the unknown 34 

watershed characteristic-related parameter in the Budyko framework using the hydrologically similar groups method. This 35 

study lays the basis for explaining the Pw in the Budyko framework and improves Results will be helpful for improving 36 

the applicability of the Budyko framework for in estimating global runoff annual runoff of watersheds in diverse climates 37 

and with different characteristics. 38 

1 Introduction 39 

There has been an increasing interest in estimating the water balance with the Budyko framework (Budyko, 1974) 40 

because it is of watersheds with a simple and effective tool — the Budyko framework,. unlike Unlike the process-based 41 

models, which that typically require a large number of parameters as inputs for accurate simulations (Caracciolo et al., 42 

2018; Lei et al., 2014)., the Budyko framework is a top-down approach relating a catchment’s long-term evaporative ratio 43 

(ratio between actual evapotranspiration and precipitation) to its aridity index (ratio between potential evapotranspiration 44 

and precipitation) and is rooted on a firm physical basis (Vora and Singh, 2021; Sivapalan, 2003; Wang and Tang, 2014). 45 

Currently,The the Budyko framework has been widely used for assessing linkages and feedbacks between climate forcing 46 

and land surface characteristics on water and energy cycles (Zhang et al., 2001; Milly and Shmakin, 2002; Li et al., 2013; 47 

Xu et al., 2013), prompting a great deal of empirical, theoretical, and process-based studies (Chen and Sivapalan, 2020; 48 

Roderick and Farquhar, 2011; Rau et al., 2018; Goswami and Goyal, 2022). The Budyko framework is a top-down approach 49 

relating a catchment’s long-term evaporative ratio (ratio between actual evapotranspiration and precipitation) to its aridity 50 

index (ratio between potential evapotranspiration and precipitation) and is rooted on a firm physical basis (Vora and Singh, 51 

2021; Sivapalan, 2003; Wang and Tang, 2014). 52 

The original Budyko equation assumes that evapotranspiration is mainly controlled by precipitation (representing the 53 

availability of water) and potential evapotranspiration (representing the availability of energy) (Budyko, 1974; Wang et al., 54 

2022). Despite its solid performance, the original Budyko equation still produces a bias between modeled and measured 55 

evapotranspiration or runoff because it does not consider the effects of watershed characteristics other than mean annual 56 
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climatic conditions on water balance (Kim and Chun, 2021; Zhang et al., 2001). As a result, hydrologists have invested 57 

considerable efforts to improve model performance by introducing parameters related to watershed characteristics 58 

(watershed characteristic parameter, Pw) into the original Budyko equation. Some of the introduced parametric equations 59 

include the Fu (Fu, 1981), Zhang (Zhang et al., 2001), Choudhury-Yang (Yang et al., 2008), and Wang-Tang equations 60 

(Wang and Tang, 2014). The popular parametric equations of the Budyko framework are presented in Table 1. 61 

Table 1. Parametric Budyko-type formulations Parametric formulations of the Budyko framework (Pw - watershed characteristic 62 

parameter; ET - actual evaporation, R - runoff, P - precipitation, PET - potential evapotranspiration, all in mm yr-1). 63 

Reference Formulation 
Pw 

 (Theoretical range) 
Reference values of Pw 

Budyko (1974) 

 

 0.5 0.5 

Zhang et al. (2001) 

 

w 

(0, ∞) 

Trees – 2.0, 

Plants – 0.5 

Turc (1954), 

Mezentsev (1955), 

Choudhury (1999), 

Yang et al. (2008) 

 

n 

(0, ∞) 

Field – 2.6, 

River basins – 1.8 

Wang and Tang 

(2014) 

 

ε 

(0,1) 
0.55 - 0.58 

Tixeront (1964), 

Fu (1981), 

Zhou et al. (2015a) 

 
m 

(1, ∞) 

Forest – 2.83, 

Shrub – 2.33, 

Grassland or cropland 

– 2.28, 

Mixed land – 2.12 

 64 

These parametric equations have somewhat improved the estimation performance by taking into account the influence 65 

of watershed characteristics and thus have better estimation performance (Fu, 1981; Liu and Liang, 2015; Guan et al., 2022; 66 

Yang et al., 2008). Along with the widely used parametric equations, there has been a growing importance placed on 67 

research onthe watershed characteristic parameter (Pw) as its accurate estimation is a prerequisite for the accurate 68 

simulation of evapotranspiration or runoff using the Budyko framework (Wang et al., 2022; Yao et al., 2017; Guo et al., 69 

2019; Yu et al., 2021). Although introducing Pw improved the Budyko-type model performance, most studies failed to 70 

give a specific criterion for quantifying its value. While there is agreement that the Pw represents the integrated effects of 71 
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various environmental factors (Wang et al., 2022; Liu et al., 2022; Yu et al., 2021; Gan et al., 2021), opinions differ as to 72 

what factors and effects should relate to the Pw. For instance, whether the Pw within the Budyko framework is controlled 73 

by watershed vegetation has been much debated. Some researchers advocated that vegetation plays a crucial role in the Pw, 74 

holding that there is a positive linear relationship between vegetation and the Pw (Ning et al., 2017; Zhang et al., 2018; 75 

Zhang et al., 2001). Other scholars have argued against vegetation having a strong correlation with the Pw, suggesting that 76 

most regions or some special watersheds show no significant correlation between vegetation indices and Pw (Liu et al., 77 

2021; Li et al., 2013). Although many studies have researched the relationship between the Pw and various watershed 78 

characteristics factors, they have shown contradictory results.  79 

From the hydrological point of view, the Pw controls the fraction of precipitation diverted into the runoff for a given 80 

aridity index (Caracciolo et al., 2018). Watersheds with larger Pw values convert larger parts of precipitation to 81 

evapotranspiration and consequently less part to runoff than those with smaller Pw values; and some studies defined the 82 

Pw as the water retention capacities of watersheds (Fu, 1981; Zhou et al., 2015a). Overall, the Pw denotes the adjustment 83 

of water-energy partitioning by watershed characteristics (Yao et al., 2017; Li et al., 2013).  84 

During the past decades, researchers have done lots of work to quantify the Pw for the accurate simulation of 85 

evapotranspiration or runoff using the Budyko framework (Wang et al., 2022; Yao et al., 2017; Guo et al., 2019; Yu et al., 86 

2021)  and made considerable contributions for improving the estimation of Pw by taking into account the influences from 87 

watershed characteristics (Fu, 1981; Liu and Liang, 2015; Guan et al., 2022; Yang et al., 2008). Although there is agreement 88 

that the Pw represents the integrated effects of various environmental factors (Wang et al., 2022; Liu et al., 2022b; Yu et 89 

al., 2021; Gan et al., 2021), studies still differed greatly as to what factors and effects should relate to the Pw and failed to 90 

give a general framework for quantifying the Pw. For instance, whether the Pw in the Budyko framework is controlled by 91 

vegetation or not has been much debated. Ning et al. (2017) found that the Pw generally had a positive correlation with 92 

vegetation coverage. Zhang et al. (2018) obtained the sensitivity of the Pw to changes in LAI by taking a derivative of the 93 

Pw function with respect to LAI, implying a crucial role of vegetation cover in impacting the Pw. However, some other 94 

studies indicated that most regions or watersheds show no significant influences of vegetation indices or coverage on Pw 95 

(Li et al., 2013; Liu et al., 2021). For example, Li et al. (2013) pointed out the variations in the Pw values are not entirely 96 

controlled by vegetation coverage in the small catchments. Another study from Liu et al. (2021) also found a weak 97 

correlation between the vegetation leaf area index and the Pw. Therefore, more in-depth studies are in need for revisiting 98 

the hydrological Basis of Pw in the Budyko Framework. 99 
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In fact, the relationships and interactions among hydrologic, climatic, and watershed characteristic factors are 100 

complicated by the great heterogeneity across space (Gao et al., 2018; Gan et al., 2021). Numerous studies have shown 101 

that the roles of climate and watershed characteristic factors on hydrological characteristics vary in different climatic 102 

regions (Li and Sivapalan, 2014; Trancoso et al., 2017; Singh et al., 2014). Therefore, classifying watersheds into 103 

hydrologically similar groups is essential for exploring the effect of watershed characteristics on hydrology and interpreting 104 

the physical meaning of the Pw within the Budyko framework.Here, we hypothesize that watersheds with similar climatic, 105 

hydrologic, and watershed-related characteristics have consistent controlling factors of Pw in the Budyko Framework. 106 

However, But, to date, relatively little research has very few researches have been conducted on classifying watersheds 107 

based on the highly variable climate-Pw relationships in the Budyko framework. This may be an important reason for the 108 

contradictory research results on the Pw why there is disagreement among researchers about the factors and extent of 109 

influence on Pw.  110 

To fill the research gap, The purpose of this study was to investigate what factors and effects relate to the Pw based 111 

on the proposed a classification method of watersheds using the hydrologically similar groups within the Budyko 112 

framework principle and develop then developed a model framework for estimating the Pw (PwM) separately for different 113 

watersheds in hydrologically similar groups to simulate global runoff. We collected We expect that classifying watersheds 114 

into hydrologically similar groups is useful for exploring the effect of watershed characteristics on its water balance and 115 

interpreting the physical meaning of the Pw in the Budyko framework. Overall, 726 records of hydrological data in 366 116 

watersheds from globally published datasets and were collected for analyses (Supplement 1). These 366 watersheds were 117 

classified these watersheds into six hydrologically similar groups according to the hydrologically homogenous regions 118 

applying attributes of watersheds using the Decision Tree Regressor to measured watershed attributes method. Then, we 119 

identified the controlling factors of the Pw from various environmental factors in each hydrologically similar group . Based 120 

on the relationship between the Pw and its controlling factors, the PwM was set up by and developed multiple non-linear 121 

regression methods models for estimating the Pw in the Budyko framework. This study highlights the need to account for 122 

the interactions among hydrologic, climatic, and watershed characteristic factors for explaining the Pw in the Budyko 123 

framework. 124 
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2 Fu’s formula 125 

This study employed the Fu’s formula (Zhou et al., 2015a) to analyze Pw in the Budyko framework. Among the 126 

parametric equations, Fu’s equation has received the most application and turned out to be a more generalized form (Zhou 127 

et al., 2015a). The formula is expressed as: 128 

𝑅

𝑃
= (1 + (

𝑃

𝑃𝐸𝑇
)
−𝑃𝑤

)

1
𝑃𝑤

− (
𝑃

𝑃𝐸𝑇
)
−1

(1) 129 

where R/P is a dimensionless annual water yield coefficient; P/PET is an aridity index; and Pw is a dimensionless constant 130 

varying from 1 to infinity, and represents water retention capacity for evapotranspiration. When Pw=1, all the precipitation 131 

would become flow and the residence time is 0. When Pw→infinity, all precipitation would remain in the watershed and 132 

residence time would equal the time for all precipitation conversion to evapotranspiration. So, the natural watersheds with 133 

a large Pw value may be “non-conservative” (i.e., precipitation is not the sum of streamflow and evapotranspiration), 134 

because part of the water remain in the watershed may come from groundwater flow and other hardly or not measurable 135 

flows. To be more cautious, in this study, the empirical upper limit for Pw was 10 to ensure that the watersheds in question 136 

were conservative.  137 

23 Data 138 

23.1 ModelingHydrological data 139 

Global hydrologicalHydrological data for modeling, including runoff (R, mm yr-1) and corresponding precipitation 140 

(PREP, mm yr-1), were collected from globally published datasets (726 samples listed in Supplementary DataSupplement 141 

1, Fig. 1). Potential evapotranspiration (PET, mm yr-1) data were downloaded from version 4.05 of the CRU TS (Climatic 142 

Research Unit gridded Time Series) climate dataset (https://doi.org/10.6084/m9.figshare.11980500), which is produced by 143 

the CRU at the University of East Anglia. For consistency, we used PET values extracted from the CRU TS dataset of all 144 

watersheds listed in Supplementary DataSupplement 1, even for studies with PET values reported. The PET values were 145 

extracted based on the coordinate points of watersheds. Using collected and extracted the R, P and PET data, we calculated 146 

the R/P and P/PET for each site. Then, we derived the Pw values according to Equation 1. 147 

Observed river discharge data for validation were obtained from the Global Runoff Data Centre (GRDC, 148 

https://www.bafg.de/GRDC/EN/02_srvcs/21_tmsrs/riverdischarge_node.html). Only the GRDC stations meeting the 149 

following criteria were selected for further analysis: (1) The sites with continuous time-series runoff observations during 150 

https://doi/
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the period 2000–2016 and corresponding surface soil moisture, fractional vegetation cover and seasonal index data were 151 

also available during such a period; (2) The drainage area reports can be found in the original data to provide area 152 

parameters for converting original flow volumes to runoff rates; (3) The geographical coordinates reports can be found in 153 

the original data and the shape of the drainage can be found in the GRDC Watershed Boundaries (2011); (4) The watersheds 154 

of “non-conservative” (m>10) and unrealistic runoff rates (m<1) are removed. Based on these criteria, 545 GRDC stations 155 

were selected for validation (Fig. 1). Then, the flow volumes of selected sites were converted to runoff rates (Ghiggi et al., 156 

2019). 157 

We used the boundary of watersheds provided by GRDC Watershed Boundaries (2011) to extract the average values 158 

of PET and P from grid datasets for each watershed. The PET values were extracted from the CRU TS dataset. The P values 159 

for runoff reconstruction were extracted from Global Precipitation Climatology Centre (GPCC) Precipitation Total Full 160 

V2018 (0.5×0.5) data provided by the NOAA/OAR/ESRL PSL, Boulder, Colorado, USA. It is because that the Global 161 

Precipitation Climatology Centre (GPCC) precipitation data was found to be more agreeable with the observation in the 162 

previous research compared to the CRU TS precipitation dataset(Ahmed et al., 2019; Degefu et al., 2022; Fiedler and Döll, 163 

2007; Hu et al., 2018; Salaudeen et al., 2021).  164 

 165 
Figure 1. Location of the observation sites for modeling (green dots) (n = 726) and the GRDC (Global Runoff Data Centre) observation 166 

sites (orange triangles) (n = 545) for validation. Background colors represent UNEP (1997) climate classification for P/PET values 167 

(Hyper Arid: P/PET<0.03; Arid: 0.03≤P/PET<0.2; Semi-Arid: 0.2≤P/PET<0.5; Dry sub-humid: 0.5≤P/PET<0.65; Humid: P/PET≥0.65). 168 

The globe was divided into nine geographic regions: North America (west, southwest, midwest, northeast, southeast, except of the USA), 169 

South America, Africa, and Europe. 170 

 171 
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3.2 Watershed characteristic-related data 172 

The datasets of other watershed characteristic factors were extracted from remote sensing data. All datasets were 173 

aggregated at the same spatial resolution (0.5 degrees). The sources of datasets are summarized in Table 2. 174 

The watershed characteristic-related factors mainly include surface soil moisture (0-10cm underground, SM), 175 

fractional vegetation cover (FVC) and seasonal index (SI) of Walsh and Lawler (1981). For the GRDC watersheds, records 176 

of these three fields were extracted from grid data based on the boundary files provided by GRDC Watershed Boundaries 177 

(2011). For the collected watersheds from published literatures without boundary files, data of these three fields were 178 

extracted from grid data according to the coordinate points of these watersheds. The sources of datasets are summarized in 179 

Table 2.  180 

Table 2. Data sources for watershed characteristic factors 181 

Watershed characteristic factors Data source/version Units Reference 

Surface soil moisture (0-10cm 

underground, SM) 
GLDAS Noah Land Surface Model L4 mm Rodell et al. (2004) 

Fractional vegetation cover (FVC) GLASS FVC V4 m2 m-2 Liang et al. (2021) 

Seasonal index (SI) 
CRU TS dataset version 4.03, global maps 

of seasonality indices 
dimensionless 

Walsh and Lawler 

(1981);Feng (2019) 

 182 

2.2 Validation data 183 

Observed river discharge data for validation were obtained from the Global Runoff Data Centre (GRDC, 184 

https://www.bafg.de/GRDC/EN/02_srvcs/21_tmsrs/riverdischarge_node.html). The PET and PRE values corresponding to 185 

selected sites of GRDC were extracted from remote sensing data. PET values were extracted from the CRU TS dataset. 186 

PRE values were extracted from Global Precipitation Climatology Centre (GPCC) Precipitation Total Full V2018 (0.5×0.5) 187 

data provided by the NOAA/OAR/ESRL PSL, Boulder, Colorado, USA (https://psl.noaa.gov/data/gridded/data.gpcc.html).  188 

3 4 Methods 189 

3.1 Budyko framework 190 

This study employed the new Fu’s formula (Zhou et al., 2015), a Budyko-type equation derived from Fu’s equation, 191 

to analyze Pw in the Budyko framework. Within the new Fu’s model, the ratio (R/P) of annual water yield (R) to 192 
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precipitation (P) is determined by two variables: an aridity index (precipitation/potential evapotranspiration; P/PET), and 193 

Pw (m). The formula is expressed as: 194 

𝑅

𝑃
= (1 + (

𝑃

𝑃𝐸𝑇
)
−𝑚

)

1
𝑚

− (
𝑃

𝑃𝐸𝑇
)
−1

(1) 195 

where m is a dimensionless integration constant varying between 1 and infinity. 196 

Based on the randomly selected 726 samples from global hydrological studies, we derived the Pw (m) values for each 197 

sample. 198 

3.24.1 Classification of watersheds into hydrologically similar groups using watershed attributes 199 

A hydrologically similar group (hydrologically homogeneous region) is defined as a group of drainage basins whose 200 

hydrologic responses are similar (Kanishka and Eldho, 2020). Therefore, the relationship between Pw and athe watershed 201 

characteristic variable does not change substantially in a hydrologically similar group. However, when that relationship 202 

between Pw and the variable changes as certain boundaries are crossed, the corresponding watersheds are divided into 203 

different groups by these boundaries. 204 

Three watershed characteristic variables — surface soil moisture (SM), rainfall seasonality index (SI), and fractional 205 

vegetation cover (FVC) — were selected for classification. For SM and FVC, the bounded intervals of the variables were 206 

given by the Decision Tree Regressor (DTR). The locations of splits in DTR were used as dividing intervals. The Scikit-207 

learn library (Pedregosa et al., 2011) in Python provides the DTR used in this study. Based onThe criterion for measuring 208 

the quality of the split was set to “poisson” which uses reduction in Poisson deviance to find splits. The “random” strategy 209 

was used to choose local optimal splitting at each node. The results and performances of DTR are shown in Supplement 2. 210 

Based on the criteria used by Walsh and Lawler (1981), we divided the SI into three parts (SI≤0.4, 0.4<SI≤0.8, SI>0.8) to 211 

represent three hydroclimatic seasonalities seasonality (precipitation spread throughout the year, marked seasonality with 212 

a short drier season, extreme seasonality with a long drier season). Finally, six hydrologically similar groups were classified 213 

(Table 3). 214 

Six hydrologically similar groups are detailed in Table 3. 215 

Table 3. Classification of watersheds 216 

Soil moisture 

classifier 

Water soil 

regime 

Seasonality 

index classifier 

Seasonality 

precipitation 

regime 

Fractional vegetation 

cover classifier 

vegetation cover 

regime 

Name of 

the group 

SM≤20 Dry soil —— —— —— —— IND 



10 

 

SM>20 Wet soil 

SI ≤ 0.4 Seasonless —— —— INWP 

0.4 < SI ≤ 0.8 
Marked 

seasonality 

FVC ≤ 0.2 Low density INWMS 

0.2 < FVC ≤ 0.5 Middle density INWMM 

FVC > 0.5 High density INWML 

SI > 0.8 
Extreme 

seasonality  
——  INWE 

3.34.2 Setup of proposed Pw simulation model (PwM) 217 

4.2.1 PwM with the classification of hydrologically similar groups 218 

We performed regression analysis between the Pw and watershed characteristic variables to determine the input 219 

variables of the PwM. The variables whose R2 of the regression model was greater than 0.1 were selected as input variables. 220 

Then weWe used a polynomial as the basic model form. Each term of the polynomial depends on the regression model of 221 

the corresponding variable and the Pw. For each hydrological group, the PwM is modeled as a function as:, 222 

𝑚 =∑𝛽𝑖 × 𝑓(𝑥𝑖) 223 

𝑃𝑤 = ∑𝐶𝑜𝑒𝑓_𝑛 × 𝑓(𝑉𝑎𝑟_𝑛)(2) 224 

where m Pw represents the value of the Pw; xiVar_n represents the input variables variable that pass the regression test; f 225 

corresponds to the function derived from the regression of mPw on xi Var_n;  βiCoef_n represents the empirical coefficient 226 

fitted by multiple non-linear regression (MNR). 227 

3.44.2.2 PwM without classification of hydrologically similar groups 228 

For comparison, we estimated Pw without the hydrologically similar groups, defined as non_PwM. The non_PwM is 229 

as follows, 230 

𝑛𝑜𝑛_𝑃𝑤 = 𝑎1 × 𝑆𝑀
2 + 𝑎2 × 𝑆𝑀 + 𝑏1 × 𝐹𝑉𝐶

2 + 𝑏2 × 𝐹𝑉𝐶(3) 231 

where non_Pw is the annual value of Pw simulated by non_PwM; SM is annual average value of surface soil moisture (0-232 

10cm underground); FVC is annual average value of fractional vegetation cover; a1, a2, b1 and b2 represent the empirical 233 

coefficient fitted by least square method. 234 

3.44.3 Model validation 235 

3.4.14.3.1 Performance metrics 236 

Three performance metrics were used to assess the accuracy of the PwM. The term N is the number of observations, 237 

i is the ith value to be simulated, and ys and yo are the simulated and observed series, respectively. 238 
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The relative bias (RelBIAS) represents systematic errors. A positive (negative) value indicates a general 239 

overestimation (, while a negative one indicates an underestimation), and the. The perfect agreement is achieved when 240 

RelBIAS is equalequals to zero. RelBIAS is defined as: 241 

𝑅𝑒𝑙𝐵𝐼𝐴𝑆 = 
𝑚𝑒𝑎𝑛(𝑦𝑠 − 𝑦𝑜)

𝑚𝑒𝑎𝑛(𝑦𝑜)
(34) 242 

The coefficient of determination (R2) assesses how strong the linear relationship is between the simulated and the 243 

observed time series data. It is represented as a value between 0.0 and 1.0. The optimal value is 1 and indicates a perfect 244 

fit.  It is defined as: 245 

𝑅2 ={
∑ (𝑦𝑜

𝑖 − �̅�𝑜)(𝑦𝑠
𝑖 − �̅�𝑠)

𝑁
𝑖=1

[∑ (𝑦𝑜
𝑖 − �̅�𝑜)

2𝑁
𝑖=1 ]0.5[∑ (𝑦𝑠

𝑖 − �̅�𝑠)
2𝑁

𝑖=1 ]0.5
}(4) 246 

𝑅2 =
∑ (𝑦𝑜

𝑖 − �̅�𝑜)(𝑦𝑠
𝑖 − �̅�𝑠)

𝑁
𝑖=1

[∑ (𝑦𝑜
𝑖 − �̅�𝑜)

2𝑁
𝑖=1 ]0.5[∑ (𝑦𝑠

𝑖 − �̅�𝑠)
2𝑁

𝑖=1 ]0.5
(5) 247 

The Nash–Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970), a goodness-of-fit index, is usually used to assess the 248 

accuracy of the model. When NSE = 1, the model predictions perfectly match the observed data. A value lowerhigher than 249 

0 indicates that the observedmodeled mean is a bettergood predictor thancompared to the modelobserved value. It is defined 250 

as: 251 

𝑁𝑆𝐸 = 1 −
∑ (𝑦𝑠

𝑖 − 𝑦𝑜
𝑖)2𝑁

𝑖=1

∑ (𝑦𝑜
𝑖 − �̅�𝑜)

2𝑁
𝑖=1

(56) 252 

3.4.24.3.2 Bootstrapping validation Cross-validations using the bootstrap sampling method 253 

We used cross-validation to test the stability of the proposed PwM using the bootstrap sampling method. The 254 

availablecollected public data were split into two parts, one for model training and test setsthe other for the purpose of 255 

bootstrappingmodel validation. A subset of 60% of the data was randomly selected without replacementusing the bootstrap 256 

sampling method for training PwM. The trained PwM was used to estimate the remaining 40% of the runoff data set, and 257 

then the performance metrics were used to evaluate the difference between the estimated and observed values. data was 258 

used to evaluate the model performance using the validation metrics in section 4.3.1. For each metric, the term N is the 259 

number of test sets, i is the ith value to be simulated by the trained PwM, and ys and yo are the simulated and observed series 260 

of test sets, respectively. The process was repeated randomly 10000 times. We documented the model skill for each cross-261 

validation result of each bootstrapping and showed them in athe violin plot (Fig. 3). 262 
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3.4.3 4.3.3 Runoff Validations of GRDC time-series runoff reconstruction validationresults 263 

(1) The runoff reconstruction by using the PwM 264 

To assess the accuracy of the PwM, runoff reconstructions were generated using the Budyko framework in which the 265 

value of Pw is derived from the PwM simulation. 266 

(2) Selection of GRDC stations and conversion of flow volumes to runoff rates 267 

To evaluate the estimates of runoff reconstructed by the PwM, only the GRDC stations meeting the following criteria 268 

were selected for further analysis. 269 

1) The timeseries has observations within the period 2000–2016 (when corresponding  SM, FVC, and SI were 270 

available). 271 

2) The drainage area reports can be found in the original data. This criterion is designed to provide area parameters 272 

for converting original flow volumes to runoff rates. 273 

3) The geographical coordinates reports can be found in the original data and the shape of the drainage area can be 274 

found in the GRDC Watershed Boundaries (2011). This choice was made to retrieve the geographic location of the station 275 

and then extract the corresponding required values from remote sensing data. 276 

4) Time series with unrealistic runoff rates are removed. It is generally agreed that in the Budyko framework, runoff 277 

is maximum (minimum) when m = 1 (10). Observations out of range are considered unrealistic. This criterion has been 278 

adopted to eliminate observations that are physically extremely unlikely. 279 

Based on these criteria, 545 GRDC stations were selected for validation (Fig. 1). 280 

Then, the flow volumes of selected sites were converted to runoff rates. The average year of catchment runoff can 281 

equal the annual streamflow measured at the outlet divided by the watershed area, provided other water losses are minimal 282 

(Ghiggi et al., 2019). Thus, runoff rates are obtained as: 283 

𝑅(𝐺𝑅𝐷𝐶) =
𝐷𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒(𝐺𝑅𝐷𝐶)

𝐴𝑟𝑒𝑎(𝐺𝑅𝐷𝐶)
×

1

1000
(6) 284 

where R(GRDC) is the GRDC annual runoff rate (mm yr-1); Discharge (GRDC) is the GRDC annual flow volume (m3 yr-1); Area 285 

(GRDC) is the drainage area (km2); 1000 is the conversion factor. 286 

To further assess the model performance, we applied the proposed PwM into Fu’s model to reconstruct the time-series 287 

runoff data of GRDC from 2000 to 2016. Finally, the time-series runoff data from 545 GRDC stations, which were selected 288 

by Sect. 3.1, were used to evaluate the model performance using the validation metrics in section 4.3.1. For each metric, 289 

the terms ys and yo represent the simulated and observed time-series runoff data, respectively. 290 



13 

 

45 Results 291 

45.1 ModelThe new proposed model for estimating Pw in Fu’s formula 292 

Figure 2 shows the results of the regression between m and watershed characteristic variables for the studied 293 

watersheds within new Fu’s formula and helps assess the relationship between the Pw and watershed characteristic 294 

variables. 295 

 296 

Figure 2. Regression between m with (a-b) SM (soil moisture) and (c-h) FVC (fractional vegetation cover). Symbol colors represent 297 

dry (red) and wet (blue) soil moisture. Symbol shapes indicate seasonless (square), marked seasonality (triangle), and extreme seasonality 298 

(diamond). The equation in red indicates that the input parameter is rejected in the corresponding group. The groups are defined in Table 299 

3. 300 

We found that the relationship between m and SM shows a positive power function for SM values from 0 to 20 (Fig. 301 

2a), while there is a negative power function with SM values from 20 to 100 (Fig. 2b). The relationship between m and 302 

FVC shows different situations in different groups (Fig. 2c-h). The relationship between m and FVC can be described as a 303 

positive linear equation in the IND group, the INWSS group, and the INWE group. The relationship can be described as a 304 

negative linear equation in the INWMM group and the INWML group. However, in the INWP group, the relationship between 305 

m and FVC is not significant. Therefore, FVC was rejected as the input variable in the INWP group. 306 
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Finally, the developed PwM is given by:  307 

The regressions between Pw in Fu’s formula and watershed characteristic variables collected from globally published 308 

datasets are shown in Fig. 2. Analyses show that soil moisture (SM) and fractional vegetation cover (FVC) are strongly 309 

correlated to Pw in each group. The Pw values in dry watersheds with SM≤20mm monotonically increase with SM 310 

following a power function (Fig. 2a). However, in humid watersheds with SM>20mm, the Pw values convert to 311 

monotonically decrease with SM, which is also in a power function (Fig. 2b). And the fractional vegetation cover (FVC) 312 

shows linearly correlated with the Pw values of watersheds in most hydrologically similar groups but differ greatly between 313 

different groups (Fig. 2c-h). There is positive linear correlation between Pw and FVC in the IND, INWMS and INWE groups; 314 

while the relationship turns to be a negative linear equation in the INWMM and INWML groups. However, in the INWP group, 315 

the relationship between Pw and FVC is not significant.  Therefore, in the proposed PwM, SM and FVC were selected as 316 

input variables (i.e., Var_n) for all the groups, except that FVC was rejected in the INWP group.  The formula in PwM for 317 

calculating the Pw is modeled as sum of a power function of SM and a linear function of FVC, given by Equation 7. 318 

𝒎𝑷𝒘 =

{
  
 

  
 
𝟎. 𝟗𝟏 × 𝑺𝑴𝟎.𝟑𝟖 + 𝟏. 𝟒𝟖 × 𝑭𝑽𝑪(𝐼𝑁𝐷, 𝑆𝑀 ≤ 20)

𝟐𝟖. 𝟕𝟐 × 𝑺𝑴−𝟎.𝟕𝟔(𝐼𝑁𝑊𝑃, 𝑆𝑀 > 20, 𝑆𝐼 ≤ 0.4)

𝟑𝟗. 𝟎𝟑 ×𝑺𝑴−𝟎.𝟗𝟔 + 𝟏𝟏. 𝟖𝟐 × 𝑭𝑽𝑪(𝐼𝑁𝑊𝑀𝑆, 𝑆𝑀 > 20, 0.4 < 𝑆𝐼 ≤ 0.8, 𝐹𝑉𝐶 ≤ 0.2)

𝟑𝟑. 𝟕𝟔 ×𝑺𝑴−𝟎.𝟕𝟏 − 𝟏. 𝟒𝟕 × 𝑭𝑽𝑪(𝐼𝑁𝑊𝑀𝑀, 𝑆𝑀 > 20, 0.4 < 𝑆𝐼 ≤ 0.8, 0.2 < 𝐹𝑉𝐶 ≤ 0.5)

𝟐𝟎. 𝟒𝟏 ×𝑺𝑴−𝟎.𝟒𝟐 − 𝟒. 𝟐𝟐𝟏 × 𝑭𝑽𝑪(𝐼𝑁𝑊𝑀𝐿, 𝑆𝑀 > 20, 0.4 < 𝑆𝐼 ≤ 0.8, 𝐹𝑉𝐶 > 0.5)

𝟑𝟎𝟕𝟖 ×𝑺𝑴−𝟐.𝟒𝟑 + 𝟑. 𝟓𝟑 × 𝑭𝑽𝑪(𝐼𝑁𝑊𝐸 , 𝑆𝑀 > 20, 𝑆𝐼 > 0.8)

                          (7) 319 

where mPw is the annual value of Pw; SM is annual average value of surface soil moisture (kg m-20-10cm underground); 320 

FVC is annual average value of fractional vegetation cover (m2 m-2)..  321 
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 322 

Figure 2. Regression between Pw in Fu’s formula and (a) SM (SM≤20mm), (b)SM (SM>20mm), (c)FVC (IND), (d)FVC (INWP), (e)FVC 323 

(INWMS), (f)FVC (INWMM), (g)FVC (INWML), and (h)FVC (INWE). Symbol shapes indicate SM (dot) and FVC (square). 324 

4.2 Model validation 5.2 Cross-validations based on data collected from globally published literatures 325 

Figure 3 helps evaluate the performance of PwM by showing the results of the global bootstrapping validation. Overall, 326 

the PwM performs well, as indicated by satisfactory skill scores (Fig. 3a). The performance of the PwM and non_PwM 327 
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were cross-validated based on the data collected from globally published literatures using the bootstrap sampling method 328 

(Fig. 3). 329 

On average, the ensemble RelBIAS of the mPw simulated by the modelPwM is slightly negative (Fig. 3a), indicating 330 

a weak tendency to underestimate the values of Pw, but the maximum relative bias is less than 0.1. The interquartile range 331 

of R2 for the PwM is from 0.35 to 0.40, with a median of 0.37. The scores of R2 are higher than 0.3 in more than 95% of 332 

the global bootstrapping bootstrap sampling events. The global NSE skill scores show that in most bootstrapping 333 

eventsbootstrap samplings, the estimation error estimated variance for the PwM is less than the variance of the observations 334 

(NSE > 0), with the interquartile range from 0.33 to 0.39. In comparison, the maximum relative bias of the Pw simulated 335 

by the non_PwM is 0.12, the median of R2 is 0.13, and the median of NSE is 0.13. Overall, cross-validations show that the 336 

performance of the PwM with the hydrologically similar groups is better and more stable than that of the non_PwM.Figure 337 

3b compares the published R/P observations against those simulated by the PwM. The R2 between the observed and the 338 

simulated values is higher than 0.63. The model performs well in arid and semi-arid regions. The main underestimated 339 

regions are the dry sub-humid regions and humid regions with Aridity Index values less than 1. In terms of the distribution 340 

of simulated and observed differences (Fig. 3c), the global R/P simulations are dominated by weak underestimations, of 341 

which larger underestimations occurred in western America and northwest China. 342 
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 343 

Figure 3. Global accuracy evaluation of the PwM. (a) Violin plot of skill scores for global bootstrapping. A violin represents the 344 

distribution of the considered skill scores of the bootstrapping validation. The white dot on the violin plot represents the median. The 345 

black bar in the center of the violin represents the interquartile range. Colors distinguish three performance metrics: Red (RelBIAS), 346 

yellow (R2) and blue (NSE). (b) Scatter plots between the R/P simulated by PwM and P/PET (yellow) and those from published data 347 

and P/PET (green). (c) Difference between the R/P values from the PmM and the published observations. 348 

 349 

 350 
Figure 3. Cross-validation results of (a) PwM and (b) non_PwM. A violin represents the distribution of the considered skill scores. The 351 

white dot on the violin plot represents the median. The black bar in the center of the violin represents the interquartile range. Colors 352 

distinguish three performance metrics: Red (RelBIAS), yellow (R2) and blue (NSE). 353 

 354 
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The skill scores of cross-validations for the six intervals groups are shown in (Fig. 4) show more variability, 355 

respectively. Though the overall RelBIAS of the PwM is negative, the PwM tends to overestimate values of Pw in the INWP 356 

group (the median of RelBIAS is positive). R2 scores vary widely between groups. The INWMS group scores highest in R2, 357 

with a median of 0.73, and the lowest in the INWP group with a median of 0.16. The grouped NSE scores show more 358 

uncertainty than the overall, especially in the INWMS, although the value of: the lower adjacent value (LAV) larger than 359 

zero indicates more skill than the mean of observations, andhowever, the outliers are far below zero. The low NSE value 360 

may be due to the low number of watersheds sampled in this interval, which increased the inconclusive results.  361 

Figure 5 showed the simulated R/P by the PwM in compassion to site observations. The R2 between the observed and 362 

the simulated values is 0.63 (Fig. 5a). The model performs well in humid regions with P/PET≥1 at southeast America, 363 

Europe, middle China and southeast of Australia. However, the PwM likely underestimated the runoff in the arid 364 

(P/PET<0.2) and semi-arid regions (0.2≤P/PET<0.5), which mainly occurred in western America and northwest China (Fig. 365 

5b). 366 

 367 
Figure 4. Accuracy evaluationCross-validation results of PwM at bootstrapped works for (a) IND, (b) INWP, (c) INWMS, (d) INWMM, (e) 368 

INWML, and (f) INWE.369 
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370 

Figure 5. Simulated R/P using PwM in comparison with the observations collected from published literatures. (a) Scatter plots 371 

between R/P (yellow: simulation; green: observations) and P/PET; (b) Difference between simulated R/P from the PmM and 372 

observations from the published datasets. 373 

4.3 Runoff reconstruction validation5.3 Validations of reconstructing the time-series GRDC runoff 374 

The runoff reconstruction results are shown in Fig. 5. The global For the selected 545 GRDC watersheds, the 375 

annual runoff estimated by the PwM ranges from 229.84 to 320.34 mm, which is slightly lower than the observed 376 

range of GRDC (265.82 ~ 345.50 mm yr-1) (Fig. 5a6a). Overall, the temporal evolution of runoff is captured well in 377 

the period 2000-2010. However, since 2011, the consistency between reconstructed runoff and GRDC runoff has 378 

decreaseddecreases, and the reconstruction results are constantly lower than the GRDC observations. Influenced by 379 

the underestimations in 2011-2016, theThe scatter plot between simulated and observed R/P also shows a slight 380 

underestimation of reconstructed global long-term mean runoff also shows a slight underestimation (Fig. 5b6b). The 381 

spatial patterns of long-term mean runoff reconstruction are shown in Fig. 5c6c-f. The global estimated time-series 382 

runoff shows lower values in the west of the United States and south of Africa, and show higher values in the 383 

northeastern United States and the European Mediterranean area. Overall, the reconstructed spatial patterns are 384 

compatible, in comparison with other reported findings (Ghiggi et al., 2019).the GRDC time-series. 385 
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 386 

Figure 5. Runoff reconstruction results based on selected GRDC stations. 387 

 388 
Figure 6. Time-series runoff reconstruction results in the selected GRDC stations. (a) Time-series annual mean runoff of the selected 389 

545 GRDC watersheds; (b) Scatterplot between the modeled runoff and observed runoff; The spatial distribution of annual mean runoff 390 

in (c) North America, (d) South America, (e) Africa, and (f) Europe. 391 

 392 

Figure 6Figure 7 displays the considered skill scores of the reconstructed runoff obtained from each watershed of by 393 

the selected PwM in comparison with the GRDC ensemble from 2000-2016. It can be seen that the result of reconstruction 394 

with by PwM, in general, is satisfactory, as indicated by the RelBIAS close to 0. The main area of underestimation is of 395 

runoff mainly occurs in the high mountains of the western United States (Fig. 7a), when the runoff is much smaller. In the 396 

lower part of the runoff rate distribution, the runoff tends to be underestimated. Humid regions such as the northeastern 397 
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United States and the European Mediterranean area have quite high R2 values, while lower values are observed in the semi-398 

arid (0.2≤P/PET<0.5) and the dry sub-humid (0.5≤P/PET<0.65) regions, which are mainly found located in the western 399 

and midwestern United States (Fig. 7e-h). The There is low NSE scores tend to correspond to in the watersheds where 400 

runoff is unusually under-estimated or over-estimated (Fig. 7i-l),. Especially, the model performance indicated by NSE 401 

decreases when runoff is underestimated especially in the western United States.  402 

 403 
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 404 

Figure 67. Spatial distribution of the skill scores of the reconstructed time-series runoff. 405 

We dividedclassified the worldGRDC data into nine geographic regions (Fig. 1) toand further evaluateevaluated the 406 

performance of PwM on a global scale in each sub-region individually. Figure 7 shows the observational agreement of 407 

runoff time series and long-term mean for nine geographic regions. The temporal evolution of runoff is, In general, well 408 

captured,the simulated time-series runoff is consistent with the time-series observations (Fig. 8-9), except in the western 409 

United States, where runoff was consistently underestimated (Fig. 8a). In addition, the runoff estimated by PwM   Spatially, 410 

there is underestimated an underestimation of runoff in 2011 to a greater extent than in other years. The regions where 411 

runoff was underestimated includesub-regions like the western United States (Fig. 8a) and high latitudes in North America, 412 

and the (Fig. 8f). The runoff underestimation is more severe in the arid areas in the western United States (Fig. 9a) than in 413 

the relatively wet areas in the northwest of North America (Fig. 9f). We considered that glacial meltwater might be the 414 

main cause of runoff underestimation. The reconstructed time-series runoff in the Milk River watershed (GRDC station 415 

number: 4220501) and Near Lethbridge watershed (GRDC station number: 4213111) both show an underestimation of 416 

annual runoff in the arid areas. The Milk River and the Near Lethbridge are two adjacent watersheds with similar drainage 417 

areas located on the border of the United States and Canada. However, the underestimation is more serious in Milk River 418 

watershed (RelBIAS=-0.32, annual mean P/PET=0.52) than in the Near Lethbridge watershed (RelBIAS=-0.27, annual 419 
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mean P/PET=0.55).On the one hand, Interestingly, the spatial pattern of runoff underestimation almost coincides with that 420 

of glaciers. Therefore, we considered that glacial meltwater might be the probable causation of runoff underestimation In 421 

in glacier-covered areas (Li et al., 2021), where glacial snowmelt may play plays a more important role as a water input in 422 

arid regions than in wet ones. Therefore, the underestimation of runoff in the western United States is greater than in the 423 

northwest of North America. On the other hand, Temporally, 2011 was a year runoff is mostly underestimated by PwM in 424 

the year 2011, in which when the world generally experienced record abnormal high temperatures (Frölicher et al., 2018; 425 

NOAANCEI, 2011). The abnormal temperature might have accelerated and glacier melting and altered watersheds' natural 426 

was thus accelerated to bring an increase in runoff yielding (Du et al., 2022; Liu et al., 2022a). The widespread 427 

underestimation in 2011 is consistent with the effect of glaciers. 428 

 429 
Figure 7. Observed versus reconstructed time series (line plots) and long-term mean (scatter plots) runoff values. The globe was divided 430 

into nine geographic regions (Fig. 1): North America ((a) west, (b) southwest, (c) midwest, (d) northeast, (e) southeast, (f) except of the 431 

USA), (g) South America, (h) Africa, and (i) Europe. 432 

 433 
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 434 

Figure 8. Observed time-series runoff versus reconstructed time-series runoff. Nine geographic sub-regions were in Fig. 1: North 435 

America ((a) west, (b) southwest, (c) midwest, (d) northeast, (e) southeast, (f) except of the USA), (g) South America, (h) Africa, and (i) 436 

Europe. 437 

 438 
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 439 

Figure 9. Scatterplots between observed annual mean runoff and reconstructed annual mean runoff. Nine geographic sub-regions were 440 

in Fig. 1: North America ((a) west, (b) southwest, (c) midwest, (d) northeast, (e) southeast, (f) except of the USA), (g) South America, 441 

(h) Africa, and (i) Europe. 442 

56 Discussion 443 

Zhou et al. (2015a) provided a Budyko equation derived from Fu’s equation and confirmed that this is a valid 444 

framework for studying hydrological responses. However, the physical meaning of parameter m, a the Pw in the Budyko 445 

equation, has remained unknown (Greve et al., 2015; Reaver et al., 2022; Zhou et al., 2015b; Zhang et al., 2004). In this 446 

paper, we selected the new Fu’s equation and developed PwM, a universal framework for estimating Pw, and exploring its 447 

physical meaning. The  Our results show that, to a large extent, PwM can estimate the Pw with in Budyko equation can be 448 
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well estimated by the PwM using only soil moisture and fractional vegetation cover parameters. As important hydrological 449 

watershed characteristics, This indicates that soil moisture and fractional vegetation cover strongly control the Pw and 450 

affect runoff by the Budyko framework water balance of watersheds (Gan et al., 2021; Chen and Sivapalan, 2020; Yang et 451 

al., 2009; Wang et al., 2021).  452 

The universal framework PwM The new proposed framework for calculating derivation of the Pw presented in the 453 

paper Budyko equation is built on empirically-based power relationships between Pw and function of soil moisture and a 454 

linear relationships between Pw and fractional vegetation cover function of fractional vegetation cover (Equation 7). 455 

Concering Our findings are consistent with those of Chen and Sivapalan (2020), which also indicated the power relationship 456 

between Pw and soil moisture, our findings seem to confirm those of Chen and Sivapalan (2020). However, the observed 457 

power relationship showed an evident. The important finding here is that there is a critical soil moisture threshold at 20 458 

mm (Fig.2) to classify the watersheds with two different water balances. The Pw values in dry watersheds (SM≤20mm) 459 

monotonically increases with SM but in humid watersheds (SM>20mm) converts to monotonically decrease with SM, in 460 

power functions — a positive power function appeared in the interval of 0 to 20 kg m-2 (Fig. 2a), while a negative power 461 

function was more appropriate from 20 to 100 kg m-2 (Fig. 2b). The possible probable reason for the threshold may be is 462 

that transpiration increased usually increases as the relative extractable soil water increased until reaching a increases in a 463 

relative dry condition (Jiao et al., 2019; Bierhuizen, 1958; Wang et al., 2012; Yao et al., 2016; Schwarzel et al., 2020). 464 

However, once the soil moisture exceeds the threshold value. Once the soil moisture threshold was exceeded, like 20 mm 465 

in this study, the acceleration of transpiration from soil moisture slowed slows down, and excess soil moisture provided 466 

conditions for high runoff ratios quickly (Havranek and Benecke, 1978; Verhoef and Egea, 2014; Metselaar and De Jong 467 

Van Lier, 2007). These findings are largely highly in line with previous studies (Havranek and Benecke, 1978; Jiao et al., 468 

2019; Cavanaugh et al., 2011; Ducharne et al., 1998), although the threshold of soil moisture varied in slightly between 469 

these studies, (e.g., the results of Ducharne, Cavanaugh and Jiao show that the threshold value is 0.25, 0.10 and 0.20 m3 m-470 

3, respectively) e.g., 0.25 m3 m-3 in Ducharne et al. (1998), 0.10 m3 m-3 in Cavanaugh et al. (2011) and 0.20 m3 m-3 in Jiao 471 

et al. (2019), respectively. 472 

Our study found a close linear relationship between Pw and fractional vegetation cover, and a similar linear 473 

relationship has been reported in previous studies.This study confirms a close linear relationship between Pw and fractional 474 

vegetation cover, similar as those reported in previous studies (Ning et al., 2017; Zhang et al., 2018; Xu et al., 2013). For 475 

example, Li et al. (2013) found that the spatial pattern of the Pw was linearly correlated with the spatial pattern of the  476 
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vegetation cover fraction. However, these reports were mostly from studies in large watersheds or non-humid watersheds. 477 

At the global scale, including small and wet watersheds, vegetation was considered previous similar findings were mostly 478 

reported in large watersheds or non-humid watersheds (Li et al., 2013; Gan et al., 2021). For those small and wet watersheds, 479 

vegetation-related factors were considered to be weakly correlated with the watershed characteristic parameter of the 480 

Budyko framework (Liu et al., 2021; Padrón et al., 2017; Yang et al., 2014). The classification of watersheds might provide 481 

some insights for explaining this paradox. The findings in this paper show that there were different relationships between 482 

fractional vegetation cover and Pw in different hydrological similarity groups. The classifications of watersheds into 483 

different hydrological similarity groups in this study provide new insights for explaining this confusion. In dry soil  484 

watersheds (IND), the relationship between Pw and fractional vegetation cover followed a positive linear function (Fig. 2c). 485 

This finding was consistent with the majority view that vegetation transpiration increases (reflected by the increased Pw) 486 

with increasing vegetation coverage in regions with insufficient soil moisture (Wang et al., 2012; Yao et al., 2016; 487 

Schwarzel et al., 2020). In wet soil watersheds, the relationship between vegetation and Pw also depends on the seasonality 488 

of precipitation and the size of vegetation: the relationship between the Pw and FVC could be described as a positive linear 489 

equation in the INWSS and the INWE groups.  In contrast, a negative linear equation is needed in the INWMM and INWML 490 

groups. the relationship between Pw and fractional vegetation cover is not only affected by the SI seasonality, but is also 491 

restricted by the background value of fractional vegetation cover itself.  This is typical obvious in wet watersheds with 492 

marked SI seasonality (0.4<SI≤0.8). Despite having similar seasonal conditions, the Pw values in the watersheds with low-493 

density vegetation coverage (FVC≤0.2) monotonically increase with FVC (Fig. 2e). However, the Pw values in the 494 

watersheds with middle-density (0.2<FVC≤0.5, Fig. 2f) and the high-density (FVC>0.5, Fig. 2g) vegetation coverage 495 

monotonically decrease with FVC. This confirms that climate, soil moisture, and vegetation coverage are not independent 496 

factors affecting the water balance, and the physiological characteristics of vegetation greatly depend on climate and soil 497 

moisture (Gan et al., 2021; Yang et al., 2009). When vegetation was coupled with other catchment properties, the watershed 498 

characteristic parameter exhibited greater variations (Gan et al., 2021). Therefore, the classification of watersheds is crucial 499 

and supports the hypothesis that watersheds in the same class would function in asimilarly in environments with similar 500 

climate, soil moisture, and vegetation environmentcharacteristics (Kanishka and Eldho, 2017; Sinha et al., 2019). The 501 

relationship between watershed characteristic variables and Pw may be confused without watershed classification..  502 

Although the validation showed that the overall performance of PwM was satisfactory, we noted that the accuracy of 503 

the runoff simulated by the Budyko framework in some regions was likely not optimal show either an overestimation or 504 
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an underestimation. Because It is because the Pw wasin our study is only forced with soil moisture, seasonality index and 505 

fractional vegetation cover, and thus the estimated runoff could not clearly account for impacts from other drivers, like the 506 

effects of temperature anomalies and excess glacial meltwater on the hydrological regimes (Liu et al., 2022b). This may 507 

beis probably one of the main reasons for the severe underestimation of runoff in western North America and southern 508 

Europe (Fig. 7a, d). The time series and spatial distribution results of runoff validation also point to these reasons. However, 509 

the spatial resolution of the considered remote sensing data did not allow to capture the variability of snowmelt volume 510 

governed by the unusually high temperatures. Perhaps future research could examine the relationship between watershed 511 

characteristic parameters and glacier melting caused by temperature anomalies and further improve the accuracy of runoff 512 

simulation based on the Budyko framework. Future in-depth researches are in need to examine influences from other impact 513 

factors to improve the accuracy of Pw estimation in the Budyko framework. 514 

67 Conclusions  515 

This research study developed PwM, a universal model new framework for estimating the Pw and exploring its 516 

physical meaning. in the Budyko framework for watersheds in similar environments based on the hydrologically similar 517 

groups principle. The development of PwM using Generally, the proposed method not only represented the runoff 518 

observations in 366 watersheds from global hydrological data collected from globally published datasets and validated 519 

usingliteratures, but could also reconstruct the time-series runoff in 545 GRDC observational data provides confidence in 520 

PwM. The results show that the overall performance of PwM is satisfactory stations. Moreover, the findings indicated that 521 

the Pw is closely related to soil moisture and fractional vegetation cover, and the relationship varies across specific 522 

hydrologic similarity groups. However, due to the complexity of hydrological processes, the new framework could not 523 

fully account for the impacts from all other factors, which might result in an underestimation of runoff in regions with 524 

glaciers or under climate with temperature anomalies. Overall, our findings lay a sound basis for estimating the Pw in the 525 

Budyko framework, provide references for calibrating the hydrological models, and will be helpful for improving global 526 

runoff estimations. 527 

Due to the complexity of hydrological processes, the PwM could not fully account for all the dynamic impacts of 528 

watershed characteristics, such as temperature anomalies and excess glacial meltwater, which might result in an 529 

underestimation of runoff in regions with glaciers. Therefore, the interactions of climate and glaciers should be explicitly 530 
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incorporated into a future Budyko framework. To achieve this, detailed hydrological and glacial melt datasets at fine spatial 531 

and temporal scales are also needed. 532 

The positive findings lay a sound basis for explaining the Pw in the Budyko framework. They could also be applied 533 

to improve global runoff estimations. We hope it will improve water balance estimates, pave the way for future hydrology 534 

research, and help consolidate water resources management studies. 535 
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