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Abstract: The generalized proportionality hypothesis (GPH) highlights the competitive
relationships among hydrological components as precipitation (P) transforms into runoff
(Q) and evapotranspiration (E), providing a novel perspective on E partitioning that differs
from the traditional physical source-based approach. To achieve sequential partitioning of
E into initial (Ei) and continuing (Ec) evapotranspiration under the GPH, a P-Q relationship-
based Ei estimation method was proposed for the Model Parameter Estimation Experiment
(MOPEX) catchments. On this basis, we analyzed the relationship between the GPH-based
E components and the physical source-based ones separated by the Penman-Monteith-Mu
algorithm. Additionally, we explored the differences between the calculated and inverse
Budyko-WT model parameter (Ei/E) and discussed the implications for the Budyko frame-
work. The results showed the following: (1) A significant linear P-Q relationship (p < 0.05)
prevailed in the MOPEX catchments, providing a robust data foundation for Ei estimation.
Across the MOPEX catchments, Ei and Ec contributed 73% and 27% of total E, respectively.
(2) The combined proportion of evaporation from canopy interception and wet soil aver-
aged about 25%, and it was much lower than that of Ei, indicating that it was difficult to
establish a connection between Ei and the physical source-based E components. (3) The
potential evapotranspiration (EP) satisfying the Budyko-WT model was strictly constrained
by the GPH, while the inappropriate EP estimation method largely explained the discrep-
ancy between the calculated and inverse Ei/E. This study deepens the knowledge of the
sequential partitioning of E components, uncovers the discrepancies between different
E partitioning frameworks, and provides new insights into the characterization of key
variables in Budyko models.

Keywords: generalized proportionality hypothesis; Budyko framework; evapotranspi-
ration components; precipitation-runoff relationship; initial evapotranspiration; MOPEX
catchments
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1. Introduction
Land evaporation (E), also known as land evapotranspiration, is an important part of

the hydrological cycle, and it plays a key role in regulating the exchange of water and energy
between land and atmosphere [1–3]. A comprehensive understanding of E processes can
help optimize water resource allocation and improve water use efficiency [4,5]. However,
evapotranspiration is not a single process but comprises multiple processes, which can
therefore be divided into several components [6,7]. Investigating the E components is
essential for unveiling the complexity of E processes and enhancing the ability to predict
the hydrological processes under the influence of climate change and human activities,
which is particularly important for tackling the challenges posed by water scarcity and
climate change.

Currently, E partitioning is often conceptualized based on its physical sources, with
plant transpiration, soil evaporation, and canopy interception evaporation being considered
as the main E components [8,9]. Some commonly used E models typically estimate the
source-based E components first and then sum these components to obtain the total E
values, such as the Priestley–Taylor jet propulsion laboratory (PT-JPL) [10] and variable
infiltration capacity (VIC) [11] models. Many studies have explored the proportions of
various physical source-based E components and their dynamic change over time [9,12–15].

Beyond partitioning by physical sources, the generalized proportionality hypothesis
(GPH) offers an alternative perspective for dividing the E components. The GPH is derived
from the precipitation (P) partitioning theory proposed by L’vovich [16], and it describes the
dynamic competition between the water balance components. By applying the GPH to the
division of P into E and runoff (Q) at the mean annual catchment scale, Wang and Tang [17]
derived a parametric Budyko equation (i.e., the Budyko-WT equation) and demonstrated
the applicability of the GPH across temporal scales from the Darwinian perspective. The
GPH has recently seen a renaissance in the study of catchment hydrology [18–23].

According to the GPH, E can be partitioned into the initial (Ei) and continuing (Ec)
evapotranspiration. Ei refers to the portion of E that originates from P before Q generation,
while Ec represents the remaining part of E after Q generation. This partitioning captures
the temporal dynamic characteristics of the hydrological cycle, emphasizing both the tem-
poral sequence (i.e., whether E occurs before or after Q formation) and the competitive
relationships (i.e., whether E competes with Q) inherent in the two-stage E processes. This
is fundamentally different from the physical source-based E partitioning, which categorizes
E components according to where and how evapotranspiration occurs, without consid-
ering the temporal characteristics of the process. In addition, it should be noted that the
GPH-based E partitioning is generally applied at the mean annual catchment scale, while
the physical source-based approach allows for much finer spatiotemporal scales, enabling
analysis at daily and pixel levels. While previous studies have extensively explored the
E partitioning from the perspective of its physical sources, investigations from the GPH
perspective remain scarce. Furthermore, existing attempts to relate the GPH-based E
components with the physical source-based ones have thus far relied on conceptual as-
sumptions rather than empirical evidence [17,24]. The relationship between E components
under these two partitioning frameworks is therefore worthy of quantitative exploration.

Ei is one of the E components under the GPH, and its ratio to E (Ei/E) not only repre-
sents the relative magnitude of its own contribution to total E but also serves as the Budyko-
WT model parameter [17]. Unlike other Budyko models, such as the Budyko–Fu [25,26]
and the Budyko-MCY [27–29], whose parameters are introduced as mathematical integra-
tion variables without explicit physical interpretation, the GPH-based Budyko-WT model
features a parameter (Ei/E) with a clear physical meaning, as both Ei and E are physically
defined quantities with fixed values that can be determined for a specific catchment and
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time period. This physical basis provides the potential for directly estimating Ei/E through
physical processes. For the applications of the Budyko-WT model oriented toward E esti-
mation, given known values of P and potential evapotranspiration (EP), E can be obtained
once Ei is determined, which, in effect, determines the model parameter. Thus, exploring
an approach for Ei estimation not only aids in clarifying the partitioning characteristics
of GPH-based E components but also facilitates the determination of the Budyko model
parameter, which is crucial for advancing both the understanding and the applications of
the Budyko framework.

The primary objective of this study was to explore the temporal dynamic characteris-
tics of E processes under the GPH. Towards this, we took the Model Parameter Estimation
Experiment (MOPEX) catchments as the study area and proposed an Ei estimation method
based on the P-Q relationship by considering its physical meaning. After Ei was deter-
mined using this method, Ec was obtained subsequently, thus enabling the GPH-based
E partitioning. On this basis, we separated the physical source-based E components by
the Penman-Monteith-Mu (PM-Mu) algorithm [30–32] to analyze the relationship between
E components under two E partitioning frameworks. Finally, we examined the relation-
ship between the inverse and calculated values of the parameter Ei/E of the GPH-based
Budyko-WT model.

2. Materials and Methods
2.1. Hydrometeorological and Remote Sensing Data

The MOPEX dataset contains daily P and Q data during 1948–2003 of 438 catchments
across the contiguous United States [33] and has been widely used in catchment-scale
hydrological studies [34–37]. Considering the time span of the auxiliary climate and
vegetation datasets used in this study, we restricted all data to the overlapping period of
1982–2003. Daily-scale P and Q were aggregated to the annual scale, and 66 catchments
with less than 11 years of data were excluded. Upon inspection, the data for the remaining
372 catchments all met the water balance constraint at the mean annual scale (i.e., P > Q). The
temporal scale of 11 years was chosen because previous studies [38–40] demonstrated that
the terrestrial water storage variation can be approximately ignored at scales longer than
11 years, allowing E to be derived from the water balance equation (i.e., E = P − Q). Then,
we examined the linear P-Q relationship for each catchment. Catchments were deleted
with a slope outside the interval (0, 1), an insignificant relationship (p > 0.05), or a negative
P-axis intercept. In total, 29 catchments were removed, leaving 343 catchments for further
analysis (Figure 1). This removal was based on physical and methodological considerations
to ensure the applicability of the Ei estimation. The remaining 343 catchments span a
wide range of natural geographical and hydro-meteorological conditions, providing a
representative basis for analysis. The data length for these catchments ranged from 11 to
22 years, with a median of 20 years.

We also acquired the gridMET meteorological dataset [41], the Global Land Surface
Satellite (GLASS) fraction of vegetation coverage (FC) [42] and land surface albedo [43]
data, and the Global Inventory Modeling and Mapping Studies (GIMMS) leaf area index
(LAI) data [44,45] to serve as input for the PM-Mu algorithm (Section 2.4). These datasets
are detailed in Table 1. In addition, the gridMET meteorological data were also used to
calculate EP (Section 2.5).
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Figure 1. Spatial distribution of 343 Model Parameter Estimation Experiment (MOPEX) catchments.

Table 1. Information of the datasets used in this study.

Dataset Spatial
Resolution

Temporal
Resolution Time Span Reference Data Access Weblink

MOPEX catchment
hydrological data

Catchment
scale Daily 1948–2003 [33]

ftp://hydrology.nws.noaa.gov/pub/gcip/
mopex/US_Data/

(accessed on 21 October 2022)
High-resolution
meteorological
data gridMET

4 km Daily 1979–2021 [41] https://www.climatologylab.org/gridmet.html
(accessed on 25 February 2023)

GLASS FC 0.05◦ 8 days 1982–2020 [42] http://www.glass.umd.edu/Download.html
(accessed on 2 June 2023)

GLASS albedo 0.05◦ 8 days 1982–2020 [43] http://www.glass.umd.edu/Download.html
(accessed on 2 June 2023)

GIMMS LAI 1/12◦ Half month 1982–2020 [44,45] https://zenodo.org/records/8281930
(accessed on 2 June 2023)

Note: FC = fraction of vegetation coverage. LAI = leaf area index.

2.2. Generalized Proportionality Hypothesis and Budyko-WT Equation

As shown in Figure 2, precipitation at the event scale falls to the ground and then first
satisfies the demand of initial abstraction (Pi), such as canopy interception and water storage
in top soils. The remaining water represents surface runoff and continuing abstractions. The
proportionality hypothesis of the Soil Conservation Service (SCS) curve number method is
that the ratio of surface runoff to its potential is equal to that of continuing abstraction to
its potential [46]. Ponce and Shetty [47] extended this hypothesis to hydrological processes
similar to event-scale precipitation partitioning and obtained the GPH. Wang and Tang [17]
creatively applied the GPH to hydrological partitioning at the mean annual catchment scale
and demonstrated its universality across temporal scales.

ftp://hydrology.nws.noaa.gov/pub/gcip/mopex/US_Data/
ftp://hydrology.nws.noaa.gov/pub/gcip/mopex/US_Data/
https://www.climatologylab.org/gridmet.html
http://www.glass.umd.edu/Download.html
http://www.glass.umd.edu/Download.html
https://zenodo.org/records/8281930
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Figure 2. Schematic diagram illustrating the two-stage evapotranspiration (E) partitioning. Q is the
runoff. E is the evapotranspiration, consisting of the initial (Ei) and continuing (Ec) evapotranspiration.
Pi is the initial abstraction in the Soil Conservation Service (SCS) curve number method, which is
equivalent to Ei.

At the mean annual scale, P has a priority to meet the demand for Ei, which includes
but is not limited to the evapotranspiration from leaf interception and the wet topsoil layer.
The remaining available water not taken up by Ei goes to continuing infiltration and surface
runoff (or direct runoff). Part of the continuing infiltration is eventually evaporated, called
the continuing evapotranspiration (Ec), and the other part forms the base flow. Ei and Ec

constitute E, while the surface runoff and base flow constitute Q. No runoff is produced
during the first stage. According to the GPH that the ratio of Ec to its potential is equal to
that of Q to its potential, a mathematical expression is obtained to describe the competitive
relationship among the water balance components [17,48]:

E − Ei

EP − Ei
=

Q
P − Ei

(1)

The Budyko-WT equation [17] can be further derived:

E
P
=

1 + EP/P −
√
(1 + EP/P)2 − 4m(2 − m)EP/P

2m(2 − m)
(2)

where m = Ei/E, with a range of [0, 1]. It modifies the partitioning of E into Ei and Ec and
that of P into E and Q.

According to Equation (1) or Equation (2), the inverse Ei (Ei-inv) can be obtained:

Ei−inv = E −
√
(P − E)(EP − E) (3)

Dividing both sides of the above equation by E yields the inverse m (minv):

minv = 1 −
√
(1 − P/E)(1 − EP/E) (4)

The key to the E partitioning under the GPH is the estimation of Ei. To achieve
the partitioning, we first propose an Ei estimation method based on the P-Q relationship
(Section 2.3). After Ei is determined using this approach, Ec is computed as the difference
between E and Ei.
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2.3. Ei Estimation Based on Catchment P-Q Relationship

According to Wang and Tang [17], runoff is typically not generated immediately upon
precipitation but begins only after a certain threshold is reached. This critical value is
called the initial abstraction in the event-scale SCS curve number method and is equal
to Ei at the mean annual scale. That is, precipitation first meets the demand of Ei, and
the remaining water is reserved for the competition between runoff and Ec [17]. In other
words, Ei is the portion of evapotranspiration from precipitation that does not participate
in runoff formation.

Previous studies have shown that Q generally increases with P at the catchment scale,
so there are usually significant positive relationships between annual P and Q. Most of
these relationships can be expressed as linear functions [49–53], while a few are expressed
as nonlinear functions [54–56].

For a given catchment with a linear P-Q relationship, the linear regression equation is
as follows:

Q = kP + b (5)

It can be rewritten as follows:

Q = k(P + b/k) (6)

where k is the slope of the linear P-Q relationship with the range of (0,1).
Generally, runoff occurs when P exceeds a certain value, implying a negative b. Let

Pi = −b/k be the critical amount of P before runoff starts, and it is equal to the initial
abstraction in the SCS curve number method. When P decreases to Pi, the annual runoff is
zero. This reflects an extreme case of interannual variation of P and Q. On the other hand,
since the mean annual P and Q (i.e., P and Q) are also on the regression line (Equation (6))
(i.e., Q = k

(
P − Pi

)
), Pi is also the initial abstraction at the mean annual scale from the

perspective of segmenting annual P and is therefore equal to Ei.
Figure 3 illustrates the Ei estimation based on the linear P-Q relationship for a ran-

domly selected catchment. For this catchment, Q begins when P gradually increases from
zero to a critical value Pi (549.09 mm yr−1). Then, Q increases with P. This threshold
represents the portion of precipitation that is first allocated to evapotranspiration before
any runoff occurs, namely Ei.
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2.4. Estimation of E Components Based on Penman-Monteith-Mu Algorithm

Here, we used the PM-Mu algorithm to estimate the physical source-based E com-
ponents [30–32]. The algorithm is driven by climate and remote sensing vegetation data,
with E being the sum of canopy interception evaporation (Ewc), vegetation transpiration
(Et), and soil evaporation (Es), where Es includes (saturated) wet soil evaporation (Ews)
and (unsaturated) moist soil evaporation (Ems). This finer partitioning enables a more
detailed examination of the relationship between Ei and the physical source-based E com-
ponents. In addition, the PM-Mu algorithm has been shown to perform well in estimating
E globally [57]. The corresponding equations are as follows:

E = Ewc + Et + Es (7)

Ewc =

(
∆·Rn + ρ·Cp·VPD/rhrc

)
·FC·Fwet

∆ + γ rvc
rhrc

/λ (8)

Et =

(
∆·Rn + ρ·Cp·VPD/ra

)
·FC·(1 − F wet)

∆ + γ
(

1 + rs
ra

) /λ (9)

Es = Ews + Ems (10)

Ews =

(
∆·Rn + ρ·Cp·VPD/ras

)
·(1 − FC)·Fwet

∆ + γ rtot
ras

/λ (11)

Ems =

(
∆·Rn + ρ·Cp·VPD/ras

)
·(1 − FC)·(1 − Fwet)

∆ + γ rtot
ras

(RH)
VPD
β /λ (12)

where ∆ is the slope of the saturation vapor pressure curve at the air temperature (kPa ◦C−1).
Rn is the net radiation (MJ m−2 day−1). Fwet is the water cover fraction, calculated us-
ing the relative humidity. λ is the latent heat of vaporization (kPa ◦C−1), which is a
function of air temperature. VPD denotes the vapor pressure deficit (kPa). ρ is the air
density, with a value of 1.29 kg m−3. CP is the specific heat capacity of air, with a value of
1.013 × 10−3 MJ kg−1 ◦C−1. γ is the psychometric constant (kPa ◦C−1). β is an empirical
coefficient, with a value of 250. rvc and rhrc are wet canopy resistance and aerodynamic
resistance to evaporated water on the wet canopy surface (s m−1). rs and ra are surface
resistance and aerodynamic resistance (s m−1). rtot and ras are total aerodynamic resistance
to vapor transport and aerodynamic resistance at the soil surface (s m−1). For detailed
calculations, please refer to relative references [31,58,59].

Based on the PM-Mu algorithm, we estimated four components of E at the pixel
and daily scales across the contiguous United States during 1982–2003, and the annual
values of each component and total E were obtained by summing the daily values. Due to
the lack of observational data for validating of each component, we used the catchment
water balance-based E (Ewb) to validate the E estimated by the PM-Mu algorithm (Epm),
which was a widely adopted approach for validating E estimates [60,61]. We then analyzed
the relationship between Ei and the physical source-based E components. It should be
noted that the PM-Mu algorithm mainly focuses on the vegetation ecosystem, and it does
not estimate E for the non-vegetation pixels, such as water bodies, perennial snow/ice,
sparse vegetation (rock, tundra, and desert), and urban/built-up areas [59,62]. Therefore,
we further excluded the catchments containing non-vegetation pixels when evaluating
the E estimation performance and analyzing E components. To ensure comparability, the
temporal coverage of data for the resulting 211 MOPEX catchments involved in E validation
and component analysis were completely consistent.
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2.5. Comparison of the Inverse and Calculated Budyko-WT Model Parameter

The ratio of Ei to E not only represents the proportion of E components under the GPH
but also serves as the Budyko-WT model parameter (m). In Budyko-related studies, the
model parameter is typically derived from known P, E, and EP. Inverse values of the model
parameter are commonly used to establish empirical formulas [63,64] or to extrapolate to
ungauged periods or catchments directly [65,66] for E simulation. Estimating Ei based
on the linear P-Q relationship offers an alternative method for determining the Budyko
model parameter, with the resulting Ei and m denoted as Ei-cal and mcal, respectively, both
representing the calculated values.

Here, we calculated EP using the Priestley-Taylor equation [67] and then obtained the
inverse Ei (i.e., Ei-inv) by Equation (3) and the inverse Budyko-WT model parameter (i.e.,
minv) by Equation (4). We subsequently compared the relationship between Ei-inv and minv

with the calculated ones. EP was calculated as follows:

EP = α
∆

∆ + γ
(Rn − G)/λ (13)

where α is the Priestley-Taylor coefficient, typically set to 1.26 [67]. G is the soil heat flux
(MJ m−2 day−1), which is often neglected at the daily scale.

3. Results
3.1. Linear Characteristics of the P-Q Relationship in MOPEX Catchments

The spatial distribution and frequency statistics of the coefficient of determination
(R2) of the linear P-Q relationship for the MOPEX catchments are shown in Figure 4. It
can be observed that a generally linear P-Q relationship prevailed throughout the MOPEX
catchments. After excluding the catchments with missing data, about 92% (343 out of 372)
of the MOPEX catchments showed a significant linear P-Q relationship (p < 0.05). Among
the 343 catchments remaining after the screening, the R2 of the linear P-Q relationship was
greater than 0.50 for about 87% of the catchments, and for more than 50% of the catchments,
the R2 exceeded 0.74. This indicates that the linear function effectively captured the
annual P-Q relationship in the MOPEX catchments, providing a solid data foundation for
estimating catchment Ei based on the linear P-Q relationship.
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3.2. Spatial Patterns of Ei and Ec in MOPEX Catchments

After Ei was determined based on the linear P-Q relationship, Ec was obtained by the
difference between E and Ei. Figure 5 shows the spatial distribution of Ei, Ec, and the propor-
tion of Ei to E. Overall, Ei was larger than Ec, and their mean values across 343 MOPEX catch-
ments were 478.45 ± 173.73 (mean ± standard deviation) and 170.38 ± 118.78 mm yr−1,
respectively. In terms of proportions, the average Ei/E was 73% ± 20%, while the average
Ec/E, as its complement, was 27% ± 20%. Spatially, higher Ei values were concentrated in
catchments in eastern and southeastern areas of the contiguous United States (Figure 5a),
and these catchments generally exhibited higher Ei proportions, with many exceeding 80%
(Figure 5c). The overall spatial pattern of Ec (Figure 5b) was opposite to that of Ei.
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3.3. Relationship of E Components Between Two Partitioning Frameworks

The PM-Mu algorithm was employed to estimate the physical source-based E compo-
nents, which were then summed to yield the total E. We first evaluated the performance of
the PM-Mu algorithm in E estimation. As indicated by the comparison in Figure 6, there was
a significant linear relationship between Epm and Ewb (R2 = 0.59, p < 0.01), with the mean
absolute error (MAE) of 192.56 mm yr−1. The estimation performance was comparable to
that reported by Mu, Zhao, and Running [31] for the PM-Mu algorithm in the contiguous
United States. By and large, the good agreement between Epm and Ewb suggests that the
PM-Mu algorithm performed adequately in estimating E for the MOPEX catchments.
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Figure 6. Comparison between the water balance-based E (Ewb) and the Penman-Monteith-Mu
(PM-Mu) algorithm-based E (Epm) for the MOPEX catchments.

The proportions of each component of E are shown in Figure 7. For 221 MOPEX catch-
ments participating in E validation and component analysis, the average proportions of Ewc,
Et, Ews, and Ems derived from the PM-Mu algorithm were about 16% ± 9%, 49% ± 11%,
9% ± 3% and 26% ± 14%, respectively. In some studies, Ei was calculated as the sum
of Ewc and Ews [24,57]. For 221 MOPEX catchments, the average (Ewc + Ews)/E obtained
based on the PM-Mu algorithm was about 25%, markedly lower than the average Ei/E
(74%) obtained using the linear P-Q relationship in this study. Specifically, in 216 of the
221 catchments, the total proportion of Ewc and Ews was less than the proportion of Ei.

Ei is defined as the portion of evapotranspiration from precipitation that does not
participate in the runoff formation and is characterized as not competing with the portion
of precipitation used to produce runoff. Wang and Tang [17] suggested that Ei includes but
is not limited to evaporation that occurs due to vegetation interception and water storage
in top soils. This itself indicates that Ewc and Ews are insufficient to constitute the entirety
of Ei. In addition, we noticed that under the limiting case, the Buyko-WT model parameter
Ei/E can take the value of unity. In this case, E = Ei, implying that Ei encompasses all the
physical source-based E components. Therefore, upon comprehensive consideration, the
assumption that Ei = Ewc + Ews is not appropriate, and it is difficult to establish a direct
correspondence between Ei and the physical source-based E components.
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3.4. Comparison Between the Inverse and Calculated Ei/E

Ei and Ei/E were derived from P, Q, and EP (Equation (13)) by Equation (1) or (2).
There were 20 catchments with negative Ei-inv and corresponding negative minv. In the
Budyko space, the data points (EP/P, E/P) for these catchments fell below the lower
bound of the Budyko-WT curves (i.e., m = 0). Clearly, this lacked physical significance.
From Equation (4), we found that when EP > P(P − Q)/Q, Ei-inv would be negative. This
indicates that the EP satisfying the Budyko-WT model should be smaller than P(P − Q)/Q.
However, as we all know, EP estimation from different meteorological equations varies in
magnitude [68,69]. As can be expected, when a larger EP is used, Ei-inv is more likely to be
negative, thereby limiting the applications of the Budyko-WT model.

After excluding the catchments with negative Ei-inv, we compared the inverse and
calculated values of Ei and m, respectively. As shown in Figure 8, although there existed
a significant linear relationship between Ei-inv and Ei-cal (p < 0.01), the R2 was relatively
low (0.31), and the regression line also deviated substantially from the 1:1 line. The
data points of minv and mcal were scattered, and their relationship was not statistically
significant (p > 0.05). The discrepancy in m is mainly attributed to the improper estimation
of EP. In Budyko-related studies, the model parameter is typically inverted by known
P, E, and EP [65,70]. For a given catchment during a given period, P and Q are fixed,
so E is determined by the water balance equation. However, in practical applications,
various methods are available for EP estimation, leading to discrepancies in its values and,
consequently, differences in the Budyko model parameter values. In other words, inverting
the model parameter inherently implies that it varies with the chosen EP. This approach is
feasible for the Budyko-Fu and Budyko-MCY models, where their model parameters do
not possess a clearly defined physical meaning. However, for the GPH-based Budyko-WT
model, inverting the model parameter can be problematic. Once P and E are determined,
different EP leads to differences in Ei (or m). Yet, by definition, Ei is a well-defined physical
quantity whose value should not depend on EP. This, in turn, indicates that the value
of EP in the Budyko-WT equation should be strictly constrained by the GPH, which, via
Equation (1), yields the following expression:

EP = 2Ei − P + (P − Ei)
2/Q (14)
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4. Discussion
In this study, we examined the P-Q relationships across the MOPEX catchments and

found that they can be well characterized by linear functions. This provided a solid data
foundation for estimating Ei based on the linear P-Q relationships. However, in different
regions, P-Q relationships can manifest diverse characteristics. For example, previous
studies have found that the exponential [54,55], power [56], and hyperbolic tangent [71]
functions can also effectively describe the interannual relationships between P and Q. In
this case, alternative methods for Ei estimation should be explored. Nonetheless, it is crucial
to emphasize that Ei is a physical quantity with a determined value for each catchment,
and it will not change with EP estimation methods in the Budyko-WT model.

Using the linear P-Q relationships, Ei was estimated for the MOPEX catchments, and
Ec was subsequently determined as the difference between E and Ei. In this way, the
partitioning of E into Ei and Ec under the GPH was achieved at the mean annual catchment
scale. This partitioning can also be extended to the interannual process to further elucidate
the interannual variability of the E components and their responses to the climate and land
surface changes.

The physical source-based E components were estimated by the PM-Mu algorithm.
The results in Figure 7 suggest substantial variability in the proportions of different E
components. The variability across catchments may be attributed to differences in climatic
conditions and landscape characteristics. Generally, catchments in more arid regions
may exhibit higher proportions of Es due to sparse vegetation, which reduces shading
and interception, thereby increasing the potential for Es. In contrast, humid catchments
typically have higher vegetation cover, which enhances Ewc and Et [13,14,72].

By comparison, we found that the improper use of the EP estimation method led
to large differences between the inverse and calculated values of the Budyko-WT model
parameter, prompting us to propose a GPH-constrained expression for EP. In the future, it
will be worthwhile to explore the characteristics of the GPH-based EP and its relationship
with the commonly used meteorological EP.
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5. Conclusions
In this study, we partitioned E into Ei and Ec under the GPH. To achieve this, we

proposed an estimation method for Ei based on the linear P-Q relationship. This method
strictly adhered to the physical definition of Ei and demonstrated good applicability across
the MOPEX catchments. The results showed that Ei and Ec accounted for approximately
73% and 27% of total E, highlighting the dominant role of Ei in E. We further compared
the GPH-based E components with physical source-based components derived from the
PM-Mu algorithm. The observed discrepancy between the proportion of Ei to total E and
the combined proportion of Ewc and Ews indicated that a connection between the two
partitioning frameworks is difficult to establish. Further exploration revealed that deviation
between the inverse and calculated Budyko-WT model parameter (Ei/E) was mainly
caused by improper EP estimation. We therefore proposed a GPH-constrained expression
for EP. Overall, this study provides new perspectives and corresponding calculation
method for quantifying E components. The results enrich the scientific understanding of
the Budyko model parameter and contribute to the ongoing advancement of research on
the catchment-scale coupled water-energy balance.
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