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Abstract: Changes in meteorology, hydrology, and vegetation will have significant impacts on the
ecological environment of a basin, and the middle-upper reach of Huaihe River (MUHR) is one
of the key regions for vegetation restoration in China. However, less studies have quantitatively
accounted for the contribution of vegetation changes to land surface discharge in the MUHR. To
quantitatively evaluate the influence of vegetation changes on land surface discharge in the MUHR,
the Bernaola–Galavan (B–G) segmentation algorithm was utilized to recognize the mutation year
of the Normalized Difference Vegetation Index (NDVI) time sequence data. Next, the functional
relationship between the underlying surface parameter and the NDVI was quantitatively analyzed,
and an adjusted Budyko formula was constructed. Finally, the effects of vegetation changes, climate
factors, and mankind activities on the surface discharge in the MUHR were computed using the
adjusted Budyko formula and elastic coefficient method. The results showed the following: (1) the
surface runoff and precipitation from 1982 to 2015 in the MUHR presented a falling trend, yet
the NDVI and potential evaporation presented an upward trend; (2) 2004 was the mutation year
of the NDVI time series data, and the underlying surface parameter showed a significant linear
regression relationship with the NDVI (p < 0.05); (3) the vegetation variation played a major role in
the runoff variation during the changing period (2005–2015) in the MUHR. Precipitation, potential
evaporation, and human activities accounted for −0.32%, −15.11%, and 18.24% of the surface runoff
variation, respectively.

Keywords: surface discharge variation; vegetation variation; attribution analysis; Budyko hypothesis

1. Introduction

The formation and changes of surface discharge are mainly influenced by the underly-
ing surface, climate factors, and mankind activities [1,2]. As a momentous component of
the underlying surface, vegetation plays a role in water storage and water conservation and
has significant effects on surface runoff in the basin [3–6]. Vegetation affects the changes in
surface runoff through hydrological processes such as transpiration, interception, and water
storage. In the past few decades, China’s vegetation coverage has shown a fluctuating
upward trend driven by the joint effects of multiple elements such as climate change and
human activities [7,8]. It has been found by analyzing the remote sensing vegetation index
that China has become the largest contributor to global vegetation greening, with a net
change in leaf area index values of 1.35 million km2 from 2000 to 2017, with a change rate
of 17.8% [9].This result has a great practical meaning for agricultural irrigation and basin
water resource allocation and administration processes in quantitatively estimating the
impacts of vegetation change on surface discharge changes.

The middle-upper reaches of the Huaihe River (MUHR) are situated in the eastern
part of China, and are key regions for vegetation restoration in China. In recent years, the
vegetation coverage in the Huaihe River has shown an increasing trend [10–12], and the
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Normalized Difference Vegetation Index (NDVI) in the Huaihe River has generally shown
a steady upward trend from 1999 to 2018 [13]. Under the comprehensive consequences of
climate change, vegetation variation, and human activities, the discharge in the MUHR has
decreased in recent decades [14,15]. Therefore, in the immediately following years, many
researchers quantitatively analyzed the influence of different factors on the runoff changes
in the MUHR [16–19]. Zhang et al. [13] found that the increase in NDVI of 10% resulted
in an average decrease of 8.3% for the runoff in the Huang-Huai-Hai Basin. Through an
SWIM (soil and water integrated model), distributed hydrological model, and statistical
method, Gao et al. [20] quantitatively analyzed the coefficient of sensitivity of discharge to
climate elements and computed the contribution proportion of climate elements to runoff,
and concluded that the influence of climate change on the upstream discharge is mostly
due to the impact of precipitation. Liu et al. [21] computed the elasticity coefficients of
the runoff depth with the precipitation, potential evaporation, and underlying surface
parameters based on the Budyko water and heat balance theory. They quantitatively
analyzed the contributions of climate variation and human activities to the discharge
changes in the MUHR and concluded that the underlying surface parameter variation is
the key element leading to discharge reductions. Based on the Budyko hypothesis and
differentiation formula, Ye et al. [22] explored the impacts of climate variation and human
activities on the discharge characteristics at multiple timescales in the MUHR. The results
proved that human activities were the main factors causing the decreased discharge. Sun
et al. [23] utilized the simultaneous solution technique for multiple control factors based
on a sensitivity test and the Budyko equation to separate the contributions of climate and
human activities to the annual discharge changes in the Huaihe River Basin, and found that
the physical mechanisms controlling the ET and discharge changes in the Huaihe River
Basin have distinct spatial differences and interdecadal variations. Shi et al. [24] explored
the spatial and temporal evolution of the vegetation cover in a tributary of the Huai River
(Yihe) and its relationship with the surface runoff, and found that the relationship between
the NDVI and surface discharge in the basin was dominated by a non-significant positive
correlation. However, few studies have quantitatively analyzed the contribution rates of
vegetation changes to the surface runoff changes in the MUHR.

Therefore, the aim of this research is to quantitatively calculate the impact of vegetation
changes on discharge changes in the MUHR through the following four steps: (1) the
change trends of the meteorological and hydrological data and NDVI data are analyzed.
(2) the B–G segmentation algorithm is utilized to recognize the mutation year of the
NDVI time sequence data; (3) the functional equation between the underlying surface
parameter (w) and NDVI is quantified, and the modified Budyko formula is constructed;
(4) the contribution ratio of the vegetation variation on the discharge variation in the
MUHR is computed using the modified Budyko formula. This study contributes to further
understanding the influence of vegetation variations on hydrology processes, and has a
guiding significance for economic development and ecological environment governance in
the MUHR.

2. Study Area and Data

The middle-upper reaches of the Huaihe River (MUHR, above Wujiadu Station) are
located in the natural climate boundary zone between north and south China (Figure 1),
with a longitude of 111◦55’–118◦4’ east and a latitude of 30◦55’–34◦55’ north. The middle
reaches contain mountains, while the upstream reaches contain hills, with most of the
vegetation being deciduous broad-leaved trees. The drainage area covers 121,300 km2,
occupying 40.1% of the Huaihe River Basin. The annual discharge rate from 1958 to 2016
was 266 × 108 m3, comprising 58.7% of the discharge in Huaihe River Basin, making it is
a momentous runoff-producing region for the basin. Influenced by anthropic factors and
climatic variation, it is very easy for flood and drought disasters to form, affecting many
cities along the line.
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Figure 1. Location of the study area.

The NDVI information for the period of 1982–2015 were obtained from the NASA
NDVI dataset (https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/) (accessed on 1
January 2021). The runoff information for the Wujiadu Hydrological Station (1982–2015)
were obtained from the Huaihe River Water Conservancy Commission (http://www.hrc.
gov.cn/) (accessed on 1 January 2022). The meteorological station data for the areas in and
around the MUHR (1982–2015) were acquired from the National Meteorological Service
(http://www.cma.gov.cn/) (accessed on 1 January 2020).

3. Methods
3.1. Bernaola–Galavan (B–G) Segmentation Algorithm

Given a segmentation point i, the time sequence dataset (X) with a number N is
divided into two subsequences, X1 and X2, respectively. The mean, standard deviation,
and length values of X1 and X2 are U1 and U2, S1 and S2, and N1 and N2, respectively.
Therefore, the formula for calculating the combined deviation SD [25] is:

SD =
[(

S2
1 + S2

2)/(N1 + N2 − 2)
)]1/2

(1/N1 + 1/N2)
1/2 (1)

A t-test was applied to measure the variability of the mean values of X1 and X2, and
the calculation formula for statistic T(i) is:

T(i) = (U1 − U2)/SD (2)

When the variability of the mean values of X1 and X2 reaches the maximum, the t-test
statistic also reaches the maximum (Tmax), and the formula for calculating the significance
probability P(Tmax) corresponding to Tmax [26] is:

P(Tmax) = Prob(T ≤ Tmax) (3)

P(Tmax) ≈
[(

1 − Iv/(V+T2
max)

(δv, δ)
)]γ

(4)

In the formula, γ = 4.19InN − 11.54, δ = 0.40, N is the sample of the time series x(t),
and v = N − 2, Ix(a,b) is the incomplete β function. If P(Tmax) ≥ P0, the sequence will be
segmented; If P(Tmax) < P0, it cannot be divided. The range of P0 is generally [0.5,0.95], and
P0 was set to 0.84 in this study [27].

If P(Tmax) ≥ P0, one needs to calculate P(Tmax) the two new subsequences to detect
all mutation points. In addition, in order to ensure the effectiveness of the statistics, if the

https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/
http://www.hrc.gov.cn/
http://www.hrc.gov.cn/
http://www.cma.gov.cn/
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length of the subsequence ≤ l0, the subsequence will not be segmented; l0 was set to 25 in
this study [27].

3.2. Budyko Hypothesis

The Budyko hypothesis was founded based on the water balance equation:

R =P − ET − ∆S (5)

In the formula, R, P, and ET represent the runoff depth, precipitation, and actual
evaporation in the watershed; ∆S is the change in water storage. When analyzing long time
scales, the ∆S is negligible.

On the watershed scale, the precipitation can be directly obtained through the spatial
interpolation of the rainfall station observation data, and the actual evaporation rates were
computed using the Choudhury–Yang equation [28,29].

ET =
P × ET0

(Pw + ET0w)1/w (6)

Here, w reflects the characteristic parameters of the underlying surface; its value is
dependent on the soil type, terrain condition, and landcover type, and it is applied to
characterize the influence of human factors. ET0 is the potential evaporation (mm), which
can be computed using the Penman–Monteith formula:

ET0 =
0.408∆(Rn − G) + γ 900

T+273 U2(ea − ed)

∆ + γ(1 + 0.34U2)
(7)

Combined with Formulas (5) and (6), Formula (5) can be converted:

R = P − P × ET0

(Pw + ET0w)1/w (8)

Li et al. [30] analyzed the functional relation between the NDVI and Budyko parameter
(w) values of 26 major river basins around the world and discovered that there was a good
linear functional equation between them:

w = a∗NDVI + b (9)

Combined with Formulas (8) and (9), Formula (5) can be changed into Equation (10):

R = P − P × ET0(
Pa∗NDVI+b + ET0a∗NDVI+b

)1/(a∗NDVI+b)
(10)

The elasticity coefficients of runoff to the P (εP), ET0 (εET0), w (εw), and NDVI (εNDVI)
can be computed using Formulas (11)–(14) [31,32].

εP =

(
1+
(

ET0
P

)w)1/w+1
−
(

ET0
P

)w+1

(
1+
(

ET0
P

)w)[(
1+
(

ET0
P

)w)1/w
−
(

ET0
P

)] (11)

εET0 =
1(

1+
(

ET0
P

)w)[
1 −

(
1+
(

ET0
P

)−w
)1/w

] (12)
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εw =

ln
(

1+
(

ET0
P

)w)
+
(

ET0
P

)w
ln
(

1+
(

ET0
P

)−w
)

w
(

1+
(

ET0
P

)w)[
1 −

(
1+
(

ET0
P

)−w
)1/w

] (13)

εNDVI = εw
a∗NDVI

a∗NDVI+b (14)

The time sequence data are assigned into two stages: the base period (T1) and the
changing period (T2). Thus, the change values of the P (∆P), ET0 (∆ET0), w (∆w), and
NDVI (∆NDVI) from T1 to T2 can be computed as follows:

∆P = P2 − P1 (15)

∆ET0 = ET02 − ET01 (16)

∆w = w2 − w1 (17)

∆NDVI = NDVI2 − NDVI1 (18)

In the formula, P1 and P2 represent the mean precipitation in the T1 and T2 periods;
ET01 and ET02 represent the mean potential evaporation in the T1 and T2 periods; w1
and w2 represent the characteristic parameters of the underlying surface in the T1 and
T2 periods; and NDVI1 and NDVI2 represent the vegetation coverage in the T1 and T2
periods, respectively.

∆RP = εP
R
P
× ∆P (19)

∆RET0 = εET0
R

ET0
× ∆ET0 (20)

∆Rw = εw
R
w

× ∆w (21)

∆RNDVI = εNDVI
R

NDVI
× ∆NDVI (22)

In the formulas, ∆RP, ∆RET0, ∆Rw, and ∆RNDVI respectively represent the surface
runoff variation values caused by P, ET0, w, and NDVI variations from T1 to T2.

Except for climate and vegetation changes, other factors affecting runoff changes, such
as water conservancy projects, domestic water use for urban residents, and agricultural
irrigation water, are classified as human activities in this study. Therefore, the amount
of runoff change caused by the human activities from T1 period to T2 period can be
expressed as:

∆Rhum = ∆Rw − ∆RNDVI (23)

Therefore, the aggregate of the runoff variation induced by various factors is:

∆R = ∆RP + ∆RET0 + ∆RNVDI + ∆Rhum (24)

Therefore, the contribution proportion of the P (ηRp), ET0 (ηRET0), human activities
(ηRH), and vegetation changes (ηRNDVI) to the runoff variation in the MUHR can be
computed using the following formulas:

ηRP = ∆RP/∆R × 100% (25)

ηRET0 = ∆RET0/∆R × 100% (26)

ηRNDVI = ∆RNDVI/∆R × 100% (27)

ηRH = ∆Rhum/∆R × 100% (28)
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4. Results and Analysis
4.1. Trend Analysis

Figure 2a displays the annual variation tendency of the mean annual runoff depth
values in the MUHR from 1982 to 2015. It can be recognized from Figure 2a that the average
annual runoff depth displays a non-significant downward trend (p > 0.05). During the
research period, the range of yearly runoff depths in the MUHR was 50–520 mm, and the
maximum was reached in 2003. Figure 2b displays the yearly variation tendencies for the
average annual NDVI changes in the MUHR. As we can see from Figure 2b, the NDVI was
increasing. The range of the mean annual NDVI values of the MUHR was 0.46 to 0.60. In
general, the gradient of the NDVI was 0.0026/a (p < 0.05), indicating that the vegetation
recovery in the MUHR was significant.
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Figure 2. Annual variation tendencies of the runoff depth (a) and NDVI (b) values in in MUHR.

Figure 3a reveals the change tendencies for annual precipitation and potential evap-
oration from 1982 to 2015 in the MUHR. The annual rainfall shows a fluctuating and
non-significant downward trend and its interannual change is dramatic, with a gradient
of −1.173 mm/a (p > 0.05). During the study period, the annual average precipitation in
the MUHR ranged from 600 to 1300 mm. The average annual potential evaporation in the
MUHR were in the ranges of 950–1750, with a non-significant upward trend (p > 0.05) and
a gradient of 0.0147 mm/a. Figure 3b reveals the change tendencies for actual evaporation
from 1982 to 2015 in the MUHR. The actual evaporation show a non-significant upward
trend (p > 0.05), with gradients of 1.6998 mm/a. During the study period, the average
actual evaporation in the MUHR were in the ranges of 550–850 mm.
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4.2. Mutation Analysis of the NDVI

The B–G algorithm was used to distinguish the abrupt year of the NDVI time sequence
data (Figure 4). It is worth noting that P0 is a set threshold, and its value range is [0.5–0.95].
In this study, the value of P0 is set to 0.84, and for the purpose of assuring the validity of
the statistics, this research defines the value of subseries not less than 25, i.e., l0 ≥ 25. If
the length of the subsequence is too short and the amount of data is too small, there is
too much error in testing the mutation points. The result of the B–G algorithm revealed
that the abrupt year of the NDVI time series data was around 2004. According to Formula
(4), the probability at the maximum value of the t-test statistics P(Tmax) was calculated. If
P(Tmax)> P0, the mutation is considered to be significant. The calculation results show that
the probability range of originality at the maximum value of the t-test statistics (2004) is
0.84128 > 0.84, proving the reliability of the result that the NDVI time series data mutated
in 2004.
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4.3. Quantitative Analysis of Vegetation Variation Based on Streamflow Variation

To quantify the relationship between the NDVI and w, the w values in the MUHR from
1982 to 2015 were calculated using Equation (8). Next, the 10-year moving averages of w
and NDVI were obtained in this study. Finally, the relationship between the NDVI and w
in the MUHR was obtained (Figure 5). Figure 5 shows that the 10-year running average w
has a linear function relationship with the 10-year running average NDVI.
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Figure 5. The relationship between the 10-year running average w and NDVI values.

In accordance with consequences of the B–G algorithm mutation analysis, the research
phase was assigned to the base period (T1: 1982–2004) and changing period (T2: 2005–2015).
In accordance with the mean potential evaporation, mean precipitation, and mean runoff
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depth values in the T1 and T2 periods, the characteristic parameters of the underlying
surface (w) in the T1 and T2 periods were computed. The elasticity coefficients of the
runoff to the P (εP), ET0 (εET0), w (εw), and NDVI (εNDVI) can be computed using Formulas
(11)–(14). The consequences are presented in Tables 1 and 2.

Table 1. The eigenvalues of the climate, hydrology, and NDVI variables in the MUHR.

Periods ET0/mm P/mm R/mm w NDVI

T1 1076.66 924.59 218.49 2.74 0.52
T2 1059.36 924.77 188.45 3.09 0.57
∆ −17.30 0.18 −30.04 0.35 0.05

Table 2. Contribution rate analysis of the discharge variation in the MUHR.

εP εE0 εw εNDVI ∆RP ∆RET0 ∆RNDVI ∆Rhum ηRP ηRET0 ηRNDVI ηRhum

2.43 −1.43 −1.45 −1.64 0.10 4.84 −31.09 −5.84 −0.32% −15.11% 97.19% 18.24%

It can be seen from Table 1 that the ET0 of the MUHR in the T2 period has decreased
to 17.30 mm, contrasting with the T1 period. The precipitation of the T2 period has slightly
increased by 0.18 mm, contrasting with the T1 period. The runoff depth in the T2 period has
reduced by 30.04 mm, contrasting with the T1 period, but the NDVI value in the changing
period presents an increasing trend, with an increase of 0.05.

It can be recognized from Table 2 that the elasticity coefficients of the runoff depths
based on the ET0, w, and NDVI are 2.43, −1.43, −1.45, and −1.64, respectively. The variation
in the runoff depth caused by the precipitation, potential evaporation, human activities, and
vegetation changes can be computed using Formulas (11)–(14), and equal 0.10 mm, 4.84 mm,
−31.09 mm, and −5.84 mm, respectively. The variation in runoff depths caused by the
significant growth of vegetation is the largest, accounting for 97.19%; that is, the vegetation
variation is the major factor resulting in discharge changes in the MUHR. The precipitation,
potential evaporation, and human activities account for −0.32%, −15.11%, and 18.24% of
the surface runoff variation in the MUHR, respectively.

The findings of this paper are similar to those by scholars such as Zhang et al. [13]
and Shi et al. [24], all of whom indicated that improved vegetation cover conditions in the
watershed domain have a weakening effect on the runoff, but there are still some differences
in the calculated contribution values, which may be due to several factors, including (1) the
use of data from different time scales and (2) the use of different hydrological models and
Budyko’s assumption formula.

Many studies have confirmed that the vegetation changes caused by large-scale af-
forestation activities in the watershed can significantly affect the runoff [33–35]. Vegetation
changes can affect runoff changes in many ways. (1) The higher the vegetation coverage
rate, the stronger the ability to conserve water, and the surface runoff will be reduced.
(2) The increase in vegetation leaf area can increase the evapotranspiration of plant leaves,
and as water is discharged into the atmosphere through the respiration of leaf stomata, the
soil water content will also decrease, affecting the surface runoff. (3) The improvement of
the vegetation coverage degree efficiently improves the interception of rainfall, reducing
the precipitation reaching the ground and affecting the change in runoff.

5. Conclusions

In this study, we first explored the change trends of meteorological and hydrological
data and NDVI data and identified the mutation year of the NDVI time series data using
the B–G segmentation algorithm. Next, the functional equation between the underlying
surface characteristic parameter (w) and the NDVI was quantified, and the modified
Budyko formula was structured. Finally, the impact degree of the vegetation change on the
discharge change in the MUHR was computed using the modified Budyko formula.
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The following conclusions were drawn. There is a significant linear functional relation
between the NDVI and underlying surface parameters (w). The vegetation variation
played a major role in the runoff variation during the changing period (2005–2015) in
the MUHR, with a contribution rate of 97.19%. The precipitation, potential evaporation,
and human activities accounted for −0.32%, −15.11%, and 18.24% of the surface runoff
variation, respectively.

6. Discussions

The implementation of a series of soil and water conservation measures in the MUHR
(especially the reforestation and grass restoration project in 1999) has significantly changed
the rainfall–runoff relationship in the area. The underlying surface parameters (w) in the
Budyko equation reflect the combined effect of the soil properties, topographic factors, and
vegetation cover. The soil properties and topography are relatively stable parameters, while
the vegetation factors become the main factors affecting w. The NDVI and w showed a
strong synergistic trend, indicating that the vegetation restoration had a significant impact
on w (Figure 5). The contribution analysis of the vegetation restoration to the runoff
changes further verified that the increase in vegetation cover caused runoff attenuation in
the MUHR.

There were several deficiencies in the attribution of different factors to discharge
changes based on Budyko’s theoretical assumptions. (1) Meteorological data for the in-
dividual dates were missing due to the limitation of the observation conditions. (2) This
study assumed that each factor was relatively independent. This assumption ignores the
interactions and connections between each factor [36–38], which will have an uncertain
impact on the research results. (3) In addition to vegetation restoration, various soil and
water conservation engineering measures such as the construction of terraces and sand
dams also cause changes in w, and the effects of various water conservation measures on
w cannot be quantitatively analyzed at present. (4) The change in water storage in the
water balance equation based on Budyko’s assumption is 0 on the multi-year average scale,
which obviously ignores the interception for runoff by various soil and water conservation
engineering measures and water conservancy projects.

In the future, we will consider building a distributed hydrological hydrothermal
coupling model combined with higher-resolution remote sensing vegetation index data
to analyze how vegetation affects the hydrological process in the MUHR [39–41]. This is
an effective way to clarify the influence mechanism of vegetation variations on the water–
heat relation. In addition, in this study, we did not distinguish the impact of reservoir
construction projects on the discharge change, which will be further discussed in the
subsequent study.
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