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Abstract: A revegetation program in North China could potentially increase carbon sequestration and
mitigate climate change. However, the responses of water yield ecosystem services to climate factors
are still unclear among different vegetation types, which is critically important to select appropriate
species for revegetation. Based on the Integrated Valuation of Ecosystem Services and Tradeoffs
(InVEST) model, we estimated the temporal variations and associated factors in water yield ecosystem
services in North China. The result showed that the InVEST model performed well in water yield
estimation (R2 = 0.93), and thus can be successfully applied across the study area. The total water yield
across North China is 6.19 × 1010 m3/year, with a mean water yield (MWY) of 47.15 mm/year. A large
spatial difference in the MWY was found, which is strongly related to temperature, precipitation,
and land use types. The responses of the MWY to mean annual precipitation (MAP) are closely
tied to temperature conditions in forests and grasslands. The sensitivities of the MWY to climate
variables indicated that temperature fluctuation had a positive influence on the forest MWY in humid
regions, and the influence of precipitation on grassland water yield was enhanced in warmer regions.
We suggest shrub and grass would be more suitable revegetation programs to improve water yield
capacity, and that climate warming might increase the water yield of forests and grasslands in humid
regions in North China.
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1. Introduction

Revegetation has taken place in degraded ecosystems in North China during previous decades,
and subsequently resulted in positive ecosystem service sequences, such as increasing carbon
sequestration [1], protecting soil conservation and biodiversity, and influencing hydrological
processes [2]. With the problem of water scarcity, hydrological ecosystem services are becoming a hot
issue in ecosystem management in North China. Water yield, as a key component of the hydrological
ecosystem service, represents a key role in ecosystem management and hydrological balance [3].
However, a large uncertainty exists in water yield estimation, especially as large temporal–spatial
variations in water yield can be expected under climate change conditions [4]. Hence, the accurate
estimation and quantification of influential factors on water yield are urgently needed to make proper
ecosystem service decisions, like revegetation strategies, and to secure the water demand of the
socio-economic system [5].

Water yield is mainly controlled by precipitation and evapotranspiration (ET), and human-induced
land use changes also indirectly affect the water yield [6]. There are many cases of the estimation of the
impacts on water yield in regions where both climatic factors and land use changes have occurred,
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and the combined impacts of climate and land use change exhibit positive or negative feedbacks.
For instance, many studies have reported an accordant positive correlation between precipitation and
water yield [7], while land use changes (e.g., revegetation or afforestation) showed different impacts on
water yield [8,9]. It should be noted that the sensitivities of water yield to climate variation among
different land use types needs to be considered.

Previous studies of the hydrological consequences of revegetation reported that both canopy
interception and ET increased, while the runoff decreased, leading to declining stream flow and soil
moisture [10]. Revegetation reduced the water yield from 5% to 8% during the last three decades in
North China’s semi-arid Loess Plateau [11]. By contract, a recent study found that afforestation might
have positive influences on the hydrological cycle by facilitating the large-scale transport of water vapor
and increasing precipitation at regional to global scales [9]. This is may be because the natural forests,
with high transpiration fluxes, enhanced the ascending air motion over the forest and “sucked in” moist
air that was transported from the remote ocean, so that the runoff losses from optimally moistened soil
were fully compensated by increased precipitation [12]. Positive hydrological feedback associated with
revegetation was also found based on land–atmosphere global climate models and forest inventory
data in temperate humid climate zones [13]. Hence, considerable uncertainty remains in water yield
estimation and its response to climate change among different vegetation types [14]. Therefore, it is
important to estimate the sensitivity of water yield to climate change across different vegetation types.

Distributed physical hydrological models, based on coupling hydrologic processes with biological
and geochemical processes, have been applied to forecast the water resource dynamics at the basin
scale [15], such as the Soil and Water Assessment Tool (SWAT), Variable Infiltration Capacity (VIC),
and Integrated Value Environmental Services Tradeoff (InVEST). Despite providing extensive outputs,
the SWAT model was developed to estimate the variables at a watershed scale rather than a pixel scale.
The VIC model is suitable for research at a large scale and the outputs vary by time step (form hourly
to daily) and spatial scale (including gridded and watershed results). Compared with other models,
the InVEST model is based on the Budyko curve [16] and annual precipitation and runs with relatively
low data requirements, providing effective means to estimate an ecosystem service, like water yield,
at a high spatial resolution and at different scales [17,18]. At the basin scale, the InVEST model had
been applied to several studies to explore general patterns and variations in ecosystem services caused
by land use changes or climate change impacts, and performed well with various geographic and
climatic characteristics [19].

There have been many studies focused on the assessment of water yield sensitivity to changes
in precipitation and land use types. Some studies assessed the sensitivity to climate change by
modifying temperature and precipitation to certain magnitudes as model inputs [5,20,21]. For example,
Redhead and Stratford validated the InVEST water yield model at several independent basins across
the UK, and investigated model sensitivity by subjectively adjusting the amplitudes of the input
data [21]. However, the vegetation changes and vegetation–climate feedback were omitted in these
studies [9]. Other studies analyzed the variations of climate and its contributions to water yield based
on Budyko’s framework approach using a theoretical model—the first order Taylor expansion of the
Choudhury–Yang equation [22,23]—to quantify the direct contributions of precipitation, potential
evapotranspiration(PET), and land surface characteristics to runoff changes. Earlier studies, based on
theoretical models, estimated the change in annual runoff based on drought metrics characterized only
by precipitation amount and PET [24,25]. Recent studies focused on the effect of vegetation change
on regional water balance [26] and indicated that the sensitivity of runoff to change in the landscape
parameter n (e.g., land use types) is higher in dryland regions [27], and the landscape parameter n is
more sensitive to vegetation change in relatively dry catchments [28]. However, this approach has its
limitations, including being incapable of quantifying past and future drivers of change or providing
uncertainty estimations of water yield. Compared to these theoretical models that mainly estimated
the water yield based on climate change and land cover change scenarios, the statistical models might
be simple and effective enough to explore the sensitivity of the phenomenon to a few influential factors.
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Besides that, the spatial sensitivity of water yield capacity also needs to be explored, especially in
the arid and semi-arid regions of North China in the grip of dramatic climate change. Therefore, the
performance of the InVEST model at a large spatial scale with different climate types still needs to be
explored, especially in arid and semi-arid regions.

In this study, we therefore used the InVEST water yield ecosystem model to estimate the spatial
variation of water yield capacity in North China, which has different climate and ecosystem types
and is highly sensitive to climate change [4]. The main objectives of this study are: (1) to validate the
reliability of the InVEST model at a large scale in arid and semi-arid regions of North China, (2) to
quantify the spatial patterns of the mean water yield (MWY), and (3) to explore the sensitivity of water
yield capacity to climate variables among different land use types.

2. Materials and Methods

2.1. Study Region

The study region covers about one-sixth of the total land area of China, with a total area of
1.53 × 106 km2, which extends from 34.58◦ N to 53.36◦ N and 97.01◦ E to 125.93◦ E. The study region
includes five large basins: Songhua River basin (SR), Liao River basin (LR), Yellow River basin (YR),
Northwest River basin (NWR), and Hai River basin (HR) (Figure 1). The mean annual temperature
and precipitation exhibit significant spatial heterogeneity, ranging from 2 ◦C to 1 ◦C and 0 to 750 mm,
respectively. The study regions are characterized by water shortages, while the climate type in the
southeast is warm, temperate, and humid with monsoons. The land cover includes desert, semi-arid
steppe, irrigation agriculture, shrub, and forest. Since the 1990s, North China became a key region for
China’s revegetation programs, which were designed to hold back the expansion of deserts, such as
the Hobq desert, Tengger desert, and Ulan Buh desert. The influences of revegetation on hydrological
cycles in this region are very controversial.
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Figure 1. Map of China’s physiography regionalization (A) and the studied region (B). China’s
physiography regionalization includes North China (NC), North East China (NEC), Eastern China (EC),
Central South China (CSC), North South China (NSC), and North West China (NWC). The distribution
of five river basins is showed in (B), including the Songhua River basin (SR), Liao River basin (LR),
Yellow River basin (YR), Northwest River basin (NWR), and Hai River basin (HR).

2.2. Water Yield Model

The water yield module of the InVEST model runs on a gridded map and estimates the quantity
of water in each pixel based on the principle of water balance. The annual water yield of each pixel is
determined as follows:

Yxj =

(
1−

AETxj

Px

)
× Px (1)
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where Yxj and AETxj are the annual water yield and actual evapotranspiration for pixel x on the
landscape j, respectively. Px is the annual precipitation on pixel x.

The relationship between AETxj and Px is based on methodology developed by Budyko [16],
and later adapted by Fu [29] and Zhang et al. [30]. AETxj/PETxj, is estimated in a spatially explicit way
on pixel x, that is

AETxj

Px
= 1 +

PETxj

Px
−

[
1 +

(
PETxj

Px

)ω]1/ω

(2)

where PETxj is defined as the potential evapotranspiration for pixel x on landscape j, and ω is a
nonphysical parameter that characterizes the natural climate–soil properties. PETxj can be calculated
as follows:

PETx = Kc(`x) × ET0(x) (3)

where Kc(`x) is the vegetation evapotranspiration coefficient associated with the land use type (`x) in
each pixel, Kc is extracted from the InVEST user’s guide [31], the detail is shown as follows (Table 1):

Table 1. Kc for different land cover types.

Land Cover Kc Land Cover Kc

Irrigated cropland 1.2 Stream 1
Field cropland 1 Permanent lentic water 1
Forest closed 1 Flooded/marsh 1

Forest 0.9 Urban non-vegetated 0.1
Natural shrub 0.8 Residential 0.1

ET0(x) is the reference evapotranspiration for pixel x, which was derived using the Hargreaves
equation [32]. The Hargreaves equation is given as follows:

ET0(x) = 0.0023×Ra× [(Tmax + Tmin)/2 + 17.8] × (Tmax + Tmin)
1/2 (4)

where Ra is extraterrestrial radiation (MJ m−2 d−1); Tmax and Tmin are the mean maximum and minimum
temperature in ◦C, respectively.

ω(x) characterizes the natural climatic–soil properties, where AWC is the volumetric plant-available
water content and N is the number of rainfall events per year. ω(x) is calculated as follows:

ω(x) = Z
(

AWC(x)
P(x)

)
+ 1.25 (5)

where AWC(x) is estimated as the product of plant-available water capacity (PAWC) on pixel x,
the minimum of root restricting layer depth and vegetation rooting depth [31]. Px is the annual
precipitation on pixel x. Z is an empirical factor that captures the local precipitation and additional
hydrogeological characteristics, which are positively correlated with the number of rainfall events (N)
per year (Z = 0.2 × N).

2.3. Data Sources and Processing

The data input to run the water yield module include meteorological data, land use, soil depth,
plant-available water fraction, watersheds, and the biophysical table. For this study, the meteorological
data and land use data (Figure S1) encompassed the years 2000, 2005, 2010, and 2015. For each year,
the distribution of the water yield was estimated based on annual meteorological data and land use
data, and the mean water yield was obtained as the mean of the water yield of the studied years (2000,
2005, 2010, and 2015). All of the data were resampled at a spatial resolution of 1 km and projected
coordinate system of the World Geodetic System 84 (WGS84).
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The meteorological data, including temperature, precipitation, and radiation data, were acquired
from the China National Meteorological Information Center (http://data.cma.cn/), and spatially
interpolated into 1 km × 1 km grid pixels according to the geographically weighted regression
Kriging algorithm (Figures S2–S4). The annual potential evapotranspiration was calculated using
the Hargreaves equation for each station, then spatially interpolated into 1 km × 1 km grid pixels
(Figure S5).

The land use layers were obtained from the Resource and Environment Data Cloud Platform
(RESDC) (http://www.resdc.cn), which are classified into 25 kinds of land use categories. For this
study, the land use data of each year was aggregated into seven land use types, including forest, shrub,
grassland, cropland, water, built-up area, and bare land.

The plant-available water capacity (PAWC) is defined as the difference between the wilting point
and field capacity, which can be estimated based on the physical and chemical properties of soil [33].
The equation is given as follows:

PAWC = 54.509 −0.132× SAND− 0.003× SAND2
− 0.055× SILT− 0.006× SILT2

−0.738×CLAY + 0.007×CLAY2
− 2.688× SOC + 0.501× SOC2 (6)

where the SAND, SILT, CLAY, and SOC are the proportion of sand, silt, clay, and organic matters in
the soil, respectively. The data were converted to a fraction from 0 to 1 in accordance with the input
requirements (Figure S6). The layers of soil depth and soil texture were obtained from the Harmonized
World Soil Database [34].

Parameter Z, as a constant, represents the precipitation characteristics with a value from 1 to 30
and it is larger when the rainfall events are more frequent. The constant can be estimated as 0.2 ×N,
where N is the number of rainfall events (N > 1 mm) per year [21,35]. In this study, N was estimated
based on daily precipitation from observation stations in study area.

2.4. Sensitivity Analysis

To investigate the relationship between water yield and climate factors, we extracted the pixels of
five land use types, including cropland (CL), forest (FO), shrub (SH), grassland (GL), and bare land
(BL). All the pixels of each type were classified into 20 mm mean annual precipitation (MAP) and
0.5 ◦C mean annual temperature (MAT) bins, and the average water yield of each bin was calculated in
a MAT–MAP space. To further investigate how water yield varies with precipitation and temperature,
respectively, linear regressions were performed to calculate the sensitivity (slope) of the water yield to
precipitation (Sp) in each 1 ◦C temperature bin, and the sensitivity of the water yield to temperature
(St) in each 100 mm/year precipitation bin.

We compared our result against the observed data using linear regression analysis. The p-value,
R2 value, and the root mean square error (RMSE) were estimated in the validation. All statistical
analyses were conducted using MATLAB R2016a (MathWorks, Natick, MA, USA).

3. Results

3.1. Model Validation

To evaluate the performance of the InVEST model, we collected the measured actual
evapotranspiration (AET) from a dataset (actual evapotranspiration and water use efficiency of
typical terrestrial ecosystems in China) [36], and observed the yearly data in five independent basins
from which the major rivers originate in the same basin (Figure 2A). The six sites of the dataset
include one forest site, two dry cropland sites, and three grassland sites. The basins include the Inner
Mongolia plateau inward flowing river basin (IMPIR), the Yellow River inward flowing river basin
(YIR), the north part of the Hai River basin (NHR), the Luan River basin (LR) and the western Liao River
basin (WLR). The yearly data of water resources, including the period of 2000, 2005, 2010, and 2015,
were obtained from the statistical data of local water resources bulletin (http://slt.nmg.gov.cn/index.html,

http://data.cma.cn/
http://www.resdc.cn
http://slt.nmg.gov.cn/index.html


Water 2020, 12, 1692 6 of 14

http://www.hwcc.gov.cn/). The data were converted to the water yield with the unit of mm/year
(referred to the observed MWY), based on the size of each basin.
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Figure 2. Model evaluation using the estimated mean water yield (MWY) vs. observed MWY from a
water resources bulletin, and the estimated actual evapotranspiration (AET) vs. observed AET from
the sites’ records. (A) Spatial distribution of the selected basins and sites of the dataset, the areas of
the basins vary from 44,095 to 311,853 km2. (B) Evaluation of the estimated MWY versus observed
MWY, including data from 2000, 2005, 2010, and 2015. (C) Evaluation of the estimated AET versus
observed AET, including data from 2005 and 2010 available in the dataset. Red dashed line indicates a
relationship with intercept = zero and slope = 1.

As shown in Figure 2B, the result shows that strong linear relationships exist between the estimated
MWY and the observed MWY (R2 = 0.93, p < 0.01, RMSE = 1.08). The estimated AET also exhibited
strong linear relationships with the observed AET (R2 = 0.95, p < 0.01, RMSE = 34). The result indicated
that the InVEST model can be used to estimate the annual MWY at the regional scale.

3.2. The Water Yield in North China

Based on the InVEST model, we estimated the MWY and AET of the studied years (2000, 2005,
2010, and 2015) (Figures S7 and S8). We found that the total water yield of North China in 2015
was 6.19 × 1010 m3/year, with a mean water yield (MWY) of 47.15 mm. The water yield of the Hai
River basin is higher than others, which accounts for 44% of the total water yield in North China.
The water yield of the Songhua River is second and accounts for 28% of the total water yield. The high
water yield of the Hai River basin can be mainly attributed to its higher MWY, which is 101.28 mm.
Despite occupying a third of the total area, the water yield of the Northwest River basin is lower
than the others, with an average MWY of 8.22 mm, significantly lower than the Songhua River basin,
Liao River basin, and Hai River basin (p < 0.01) (Table 2).

Table 2. Water yield characteristics for five first-level basins of North China.

Basins Area (104 km2) Total Water Yield (109 m3/year) MWY (mm)

SR 30.93 17.02 55.02
LR 14.00 6.19 44.30
YR 24.78 6.72 26.99

NWR 54.50 4.55 8.22
HR 27.19 27.46 101.28

As shown in Figure 3A, the spatial patterns of the MWY showed a strong heterogeneity across
North China. The MWY of the northeast and mid-south areas of the study region was relatively higher
than others. The highest MWY was found in construction land, with values higher than 300 mm/year,
because of the impermeable underlying surface and strong evaporation [14]. In contrast, for more
than seventy percent of the pixels, the MWY is lower than 50 mm/year (Figure 3B), and are mainly
distributed across the mid-north and west areas of the study region, west of the Songhua River basin
and the middle of the Liao River basin.

http://www.hwcc.gov.cn/
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3.3. Difference in Water Yield and Associated Climate Variables among Land Use Types

To analyze the difference in water yield among vegetation types, we extracted the pixels including
cropland (CL), shrub (SH), forest (FO), grassland (GL), and bare land (BA) and the distribution of land
use types is showed in Figure 4A. Cropland was mainly distributed in the central south of the study
region, while grassland was widespread across the central north of the study region. Forest was mainly
distributed in the northeast of the region, and bare land was the main land use type in the west of the
study region. Figure 4B illustrates that cropland, forest, and shrub were mainly distributed in humid
regions where the MAP was larger than 430 mm/year, while the MAP of bare land was generally lower
than 200 mm. Grassland was widely distributed in humid, arid, and semi-arid regions. Across all
land use types, the MWY of cropland, forest, and shrub was higher than for grassland and bare land
(Figure 4D). In detail, cropland produced the largest MWY (58.64 mm/year) and the MWY of shrub
(48.58 mm/year) and forest (46.31 mm/year) was relative small. The MWY of grassland (28.11 mm/year)
was lower than for the former, but higher than for BA (15.84 mm/year).

Similar variations were also found in the comparison of the mean actual evapotranspiration (AET)
(Figure 4C), The AET of forest, shrub, and cropland was higher than for grassland and bare land.
In detail, the AET of most forests was higher than 450 mm/year, and the AET of cropland and shrub
was mainly higher than 400 mm/year. Meanwhile, the AET of grassland was also higher than for BA,
which was higher than 220 mm/year. The AET of bare land was the lowest, which was normally lower
than 200 mm/year.

3.4. Spatial Relationships between the MWY and Climatic Factors

The distribution of the MWY among different climatic variables is shown in Figure 5. Besides bare
land, each of the other four land use types were distributed in regions with MATs ranging from −2.5 ◦C
to 15 ◦C and MAP ranging from 200 mm/year to 680 mm/year. Bare land was mainly distributed
in the west of the study region, with a MAP ranging from 50 mm/year to 550 mm/year. The higher
MWY levels (>100 mm/year) mainly occurred in regions with a MAP higher than 500 mm/year and a
MAT higher than 5 ◦C. The relatively low MWY levels (<25 mm/year) were mainly found in arid and
semi-arid regions with a MAP less than 400 mm/year.
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Figure 4. The spatial patterns of five land use types (A), and the comparison of mean annual precipitation
(B), mean actual evapotranspiration (C), and mean water yield (D), for cropland (CL), shrub (SH),
forest (FO), grassland (GL), and bare land (BA). In each box, the central line marks the median, the edges
of the box correspond to the 25th and 75th percentiles, and the whiskers extend to the range of the data.

To further investigate the sensitivity of the MWY to climatic factors, we calculated the temperature
sensitivity (St) of the MWY along the MAT gradient and precipitation sensitivity (Sp) along the MAP
gradient for each land use type. As shown in Figure 5, Sp was mainly positive along with the MAT
gradient of all the land use types, while there was no similar trend in St along the MAP gradient.
Notably, the St of forests was close to 0 with a MAP lower than 500 mm/year, but it increased with a
MAP higher than 500 mm/year. Meanwhile, an increase in Sp with a MAT higher than −2.5 ◦C was
found in grassland.
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Figure 5. Distribution of the MWY in a two-dimensional space with (MAT) and (MAP) binned into
intervals of 0.5 ◦C for the MAT and 20 mm for the MAP. For each figure, the sensitivity of the MWY
to temperature (St) along the precipitation gradient is shown under the figure and the sensitivity of
the MWY to precipitation (Sp) along the temperature gradient is shown on the right of the figure.
The shaped area indicates 95% significance intervals of St and Sp, while the bins have more than
100 grid pixels.

4. Discussion

4.1. Evaluation of the Water Yield Model in the InVEST Model

The accurate assessment of water yield capacity on a large spatial scale is fundamental in ecosystem
service research and water resource management, especially in the context of global climate change.
Previous studies in China mainly assessed the performance of the InVEST water yield model in
watersheds or sub-watersheds within a single river basin [14,37]. In this study, we applied the InVEST
model to North China across five basins with substantial differences in climate and land type, compared
our results against the annual water yield for five river basins in 2000, 2005, 2010, and 2015 (which was
obtained from the local water resources bulletin), and measured the actual evapotranspiration (AET)
from a dataset of typical terrestrial ecosystems. We also found that the estimated MWY was comparable
to previous studies. Based on a process-based ecosystem model, Liu et al. found that the MWY in
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North China fell in a range of 0–200 mm/year during the period 2000–2014 [38]. The spatial pattern of
the MWY was also consistent with ours, MWYs larger than 100 mm/year were mainly located in the
central south of the HR basin and the east of the SR basin.

Despite the good performance of the InVEST model, its acknowledged simplification and limitation
might affect the accuracy of the modeled water yield values, including its inability to account for inter-
or intra-annual variation. Negative influences by issues like irrigation, mining [39,40], and hydropower
supplement on water resource variation were found in many studies, which was not considered in
the water yield model of the InVEST model [31]. A relatively poor performance of the models was
found in the WLR and LR basins with a large amount of irrigated farmland, which indicated that
water consumption and management might increase the uncertainty of the water yield estimation [41].
Meanwhile, the InVEST model is incapable of accounting for groundwater and water resource
infrastructures that redistribute water resources, which might be important to describe the water
resources status of North China [42]. Compared to the InVEST model, VIC and SWAT are more
suitable for providing multiple and reliable estimations depending on available input data and the
objective of the modeling exercise. As an important input parameter of the model, the reference
evapotranspiration was calculated using the Hargreaves method because of the sparse climate data.
Nevertheless, the Penman–Monteith or Thornthwaite methods should be applied where accurate
weather data collection is available when conducting higher temporal solution estimations [43].

4.2. Water Yield and Vegetation Types

For fhe comparison of precipitation, the AET and MWY showed that the characteristics of
water yield among different levels of vegetation cover were closely related to precipitation (Figure 4).
Bare land was mainly distributed in arid and semi-arid regions with a MAP lower than 200 mm,
so the water yield is significantly lower than for the others. However, attention should be paid to
understanding the difference of the MWY among vegetation types distributed in similar rainfall
conditions, which is critically important to select appropriate species for revegetation. It is well known
that the MWY reflects the combined effects of the MAP and MAET, hence the regions with moderate to
high precipitation do not necessarily have a higher MWY. Previous studies indicated that land use
change had the largest absolute impact on runoff in humid areas [44,45]. In line with this argument,
we found that, compared to forest, the MWY of shrub is slightly higher but not statistically significant,
with a higher MAP but a lower AET. This may be because of a lower capacity for water loss that is
associated with a lower leaf area [45,46] and lower canopy interception [47]. We also found that the
MWY of grassland is not significantly lower than that of cropland, forest, and shrub, even though the
MAP and AET are significantly lower. This may be because grassland is mainly distributed in arid and
semi-arid regions, where the evapotranspiration is generally lower than in forest and shrub [47].

Recent revegetation in North China explains the spatial pattern of vegetation greening [48],
including reforesting and regrassing in cropland and bare land. Many studies indicated that afforestation
might increase canopy interception and the loss of water by transpiration, and hence reduce stream
runoff and water yield [11,49], especially in arid and semi-arid regions [50]. Our result showed that
choosing the appropriate vegetation type to revegetate might improve the water yield capacity of an
ecosystem. Compared with afforestation, planting shrubs and grasslands might be more suitable to
increase regional water yields in arid and semi-arid regions.

4.3. Sensitivity of the MWY to Temperature and Precipitation

Many studies have assessed the response of water yield to climate change and found a higher
sensitivity of water yield to precipitation comparing to temperature [5,7], but the interactive effect
between precipitation and temperature on water yield is still unclear. Many studies assessed the
sensitivity of the MWY to climate factors by modifying the temperature and precipitation to certain
magnitudes as model inputs [20,21,27,28,51], but the interactive effect between precipitation and
temperature on water yield is still unclear. The former approach to the sensitivity analysis might be
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not sufficient due to a lack of practice guidance because the water yield capacity could respond to
the adaptation of the ecosystem to the local climate [9]. The latter provided a quantitative assessment
of the impact of drivers on water resource changes in the Budyko’s framework and it also had the
inherent limitations of theoretical estimations, including a lack of uncertainty estimates, and more
inputs were needed when quantifying past and future drivers of change [27].

Using a uniform method to explore the differences in hydrologic changes across environmental
gradients provides an alternative approach [5,52]. Meanwhile, the water yield model is based
on a gridded map, which allows us to take the heterogeneity of physiological characteristics into
consideration, such as evapotranspiration characteristics and morphological characteristics, which are
the key driving factors of the MWY and AET variation among different vegetation types. The validation
of the water resource and actual evapotranspiration also provides valuable feedback and helps to
improve the accuracy of the estimation of the annual datasets, so the sensitivity analysis could be
conducted based on the estimation in the absence of water yield observation data.

In line with previous studies, the gradient distributions of the MWY are consistent with that of
the MAP [53], i.e., the MWY increased with the MAP in almost all MAT ranges (Figure 5). Interestingly,
we found that the sensitivities of the MWY to climate variables were different. The sensitivities of
the MWY to the MAT (St) in forests was close to 0 with a MAP less than 500 mm, while it increased
with a MAP larger than 500 mm. The variation of St indicated that the temperature fluctuation had
less influence on the forest MWY in relatively arid regions but a positive influence in humid regions,
which might be because of the higher leaf cover of forests in warmer zones, which decreased the
transpiration and evaporation resulting from subcanopy radiation [54]. We also found the Sp in
grassland increased with the MAT, which showed that the influence of precipitation on water yield
was enhanced in warmer zones. That may be because the evapotranspiration of grassland is limited
to the transpiration capacity of grass. We therefore suggest that climate warming might increase the
water yield of forests and grassland in North China, especially in humid regions.

5. Conclusions

In this study, the water yield ecosystem service was estimated using the InVEST model across
North China. The results suggest that a relatively simple InVEST water yield model can provide
reliable results across a large climatic gradient, as long as the parameters are representative of the
spatial and temporal scale concerned. The total water yield of North China was 6.19 × 1010 m3/year
in 2015, with a mean water yield (MWY) of 47.15 mm/year. The total water yield of each basin is
influenced by area and the MWY, and the distribution of the MWY is closely related to precipitation.
The results also indicate that uncertainties might exist in estimating the water yield of cropland, such
as irrigation and cultivation mode.

Estimation and sensitivity exploration based on a pixel scale are conducted in this research, offering
new insights for understanding the water yield response to ongoing climate change. The spatial
analysis of the MWY showed that shrub and grass were widespread in arid and semi-arid areas of
North China. In these areas, a higher water yield capacity was observed in many MAP and MAT
bins, which suggested that shrub and grass would be more suitable in North China’s revegetation
programs. Sensitivity analysis indicated that the water yield capacity of forests and grass land would
be enhanced in warmer and humid regions, suggested that climate warming might increase the water
yield of forests and grassland in humid regions in North China.

Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4441/12/6/1692/s1,
Figure S1: Spatial distribution of land use types in North China, Figure S2: Spatial distribution of meteorological
stations in North China, Figure S3: Spatial distribution of annual precipitation (AP) in North China, Figure S4:
Spatial distribution of mean annual temperature (MAT) in North China, Figure S5: Spatial distribution of potential
evapotranspiration in North China, Figure S6: Spatial distribution of plant available water capacity in North
China, Figure S7: Spatial distribution of mean annual actual evapotranspiration (MAET) in North China, Figure S8:
Spatial distribution of mean water yield (MWY) in North China.
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