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Study region: The catchment above Bengbu in the Huaihe River Basin, China
Study focus: In the Anthropocene, hydrological drought is significantly affected by human ac
tivities, and the degree of different human activities affecting droughts may vary in different
physiographic and anthropogenic contexts. This study aims to quantify the relative contributions
of various human activities on hydrological droughts using “scenario comparison” method based
on a calibrated PCR-GLOBWB model.
New hydrological insights for the region: The impacts on hydrological droughts by human activities
exhibit large differences over time and space. In terms of time, non-irrigation water use (NWU)
and irrigation water use (IWU) increased standardized drought streamflow deficit (SDSD) by
about 119 % and 214 % on average during 1981–2010, respectively. In terms of space, NWU
heavily increased SDSD in most regions of the basin, whereas reduced it in the regions with
limited surface water due to the return flow from unconsumed water to surface water. IWU
reduced SDSD in paddy irrigation regions due to large quantities of water in the upstream rivers
were transferred to those regions for flooding irrigation, whereas in non-paddy irrigation regions
IWU increased SDSD due to most of water being withdrawn locally and comparatively small
quantity of water transfer. Reservoir operation (RO) reduced SDSD in downstream water
receiving areas while increased SDSD in upstream areas. Our findings can help drought man
agement and mitigation.

1. Introduction
Droughts produce intense socio-economic impacts all over the world. In areas with strong human activities characteristics, human
beings are no longer only affected, but they also actively influence and alter the development of hydrological drought (Van Loon et al.,
2016). Globally, drought intensity is generally exacerbated by human activities (Wada et al., 2013; Wanders and Wada, 2015). In this
era of intensive human activities, revealing the differentiated impacts of human activities on drought has become a research focus of
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socio-hydrological researchers.
Droughts are usually divided into hydrological, meteorological, agricultural, and socio-economic drought on the basis of its drivers
and impacts (Mishra and Singh, 2010). Among the different types of droughts, hydrological drought is characterized by negative
anomalies of surface or subsurface water sources (usually discharge). The generation and development of hydrological drought are not
only restricted by climate factors, but also affected by human activities (Van Loon et al., 2016; Firoz et al., 2018; Wang et al., 2021).
Previous studies have shown that catchment properties (Yang et al., 2017), climate change (Van Loon et al., 2014), reservoir operation
(Wu et al., 2017, 2018), human water use (Wada et al., 2013), land use/land cover change (Li et al., 2019; Abubaker et al., 2020), and
other human activities (Van Loon et al., 2016) have notable impacts on the formation and development of hydrological drought.
Among these factors, the reservoir operation and human water use affects hydrological droughts most directly, because they change
the hydrological process and reduce water availability. Under reservoir regulation, the relationship between rainfall and runoff is
changed, which affects the frequency, intensity, and duration of hydrological drought (Van Oel et al., 2018; Wu et al., 2017, 2018). For
example, Wu et al. (2017) showed that reservoir operation changes the relationship between meteorological and hydrological drought.
Similarly, He et al. (2017), and Yang et al. (2020) and Jiao et al. (2020) found that reservoir operation has alleviated hydrological
drought during the drought periods in California and Yangtze River, respectively. Human water use mainly can be categorized into
non-irrigation and irrigation water use, and non-irrigation water use mainly includes industrial, domestic, and livestock water use.
Wada et al. (2013) showed that the global drought intensities are heavily increased by 10–500 % due to human water consumption in
the past few decades. Moreover, increased water use will further increase hydrological drought due to rapid economic development in
the future (Wanders and Wada, 2015). Although previous studies have revealed the great impact of human activities on hydrological
drought, these studies either focused on the joint effects of all human activities (e.g., Jiang et al., 2019), or focused on the impacts of an
individual human activity (such as reservoir operation, human water use, or land use change) (e.g., Wu et al., 2017), and the
spatial-temporal effect of the impacts by different human activities on hydrological droughts is not very clear.
The key of analyzing how human activities affect drought characteristics and development is to quantitatively separate the natural
factors and human activities in the formation and development of drought. To do so, several comparative analysis approaches have
been proposed in recent years. First, the “paired catchments” comparison method, which selects two watersheds with similar char
acteristics (e.g., climatic properties, catchment area, and topographical properties) except for special human regulations for com
parison (Van Loon et al., 2019). However, it is difficult to find such two catchments. Second, the “upstream–downstream” comparison
method, which compares droughts of upstream and downstream based on observation data (Van Loon et al., 2019). There is some
uncertainty that caused by the possible nonlinear relationship of different gauging stations. Third, “pre-post-disturbance” comparison
method, which compares droughts before and after a significant human intervention occurred based on streamflow observations (Liu
et al., 2016). However, it is difficult to separate the no-stationarity caused by climate change and by human interventions (Peñas et al.,
2016). Fourth, “simulated-observed” comparison method, which compares the simulated drought characteristics without human
activities (regarded as natural hydrological process) with the observed data affected by human activities (e.g., Wu et al., 2019; Jiang
et al., 2019; Abubaker et al., 2020; Wang et al., 2020). There is a similarity in the “pre-post-disturbance” method and the “simu
lated-observed” method in the sense that they both compare a human-influence situation with a natural situation. The “simu
lated-observed” comparison method differs from the “pre-post-disturbance” comparison method in that the former take the whole
observed period as the period affected by human activities whereas the latter split the whole observed period into two parts, i.e., a
period little human intervention and a period with significant human intervention. A major problem with the “simulated-observed”
comparison method lies in that it reflects the cumulative impact of all human activities on the drought without differentiating indi
vidual effects of different human activities (e.g., Jiang et al., 2019). Finally, the “scenario comparison” method, which separates the
effects of different human activities on hydrological process through hydrological modelling under a natural scenario and
human-intervention scenarios with different types of human activities for comparison. The “scenario comparison” method is often
conducted based on large-scale models and can effectively separate different types of human activities (Wada et al., 2013; Wanders and
Wada, 2015; He et al., 2017; Yang et al., 2020; Jiao et al., 2020; Long et al., 2020). However, these large-scale models have coarse
spatial resolutions and are often not validated or calibrated locally (Van Loon et al., 2019).
The “scenario comparison” method was used in this study to assess the relative impacts of different types of human activities on
drought characteristics, because it can effectively simulate the effects of different human activities (especially various types of water
use and reservoir operation). At present, many hydrological models more or less consider the impact of human activities on the hy
drological process, but take rainfall-runoff simulation as the core and make a conceptualized disposal of human activities, such as the
Soil Water and Assessment Tool (SWAT) and Variable Infiltration Capacity (VIC) model. In addition, many hydrological models
consider all aspects of human water resources management, such as AQUATOOL, RIBASIM, WARGI-SIM, WEAP, and PCR-GLOBWB
model. Among those models, the PCR-GLOBWB (PCRaster Global Water Balance) model is an advanced grid-based global hydrolo
gy and water resources model developed at Utrecht University (Van Beek et al., 2011; Wada et al., 2014; De Graaf et al., 2014;
Sutanudjaja et al., 2018). The latest PCR-GLOBWB 2.0 fully integrates water use and reservoir operation into rainfall-runoff process
modelling, and can systematically consider the direct impact of different human activities. It has a high spatial resolution (5 × 5
acrmin) and have been used on global and regional scales successfully (e.g., Sutanudjaja et al., 2018; De Graaf et al., 2019; Yang et al.,
2020; Jiao et al., 2020).
Therefore, this study attempts to separate and quantify the different impacts (mitigation or exacerbation) of various human ac
tivities on hydrological drought by using the method of “scenario comparison” based on the PCR-GLOBWB 2.0 model. The catchment
above Bengbu in the Huaihe River Basin, which is located in East China, was chosen as a study area where the hydrological process is
strongly influenced by various types of human activities.
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2. Study area and datasets
2.1. Study area
The catchment above Bengbu in the Huaihe River Basin (111◦ 56′ − 117◦ 31′ E, 30◦ 57′ − 34◦ 57′ N) (Fig. 1) has a drainage area of
about 121,300 km2. It spans Henan, Anhui, and Hubei Provinces, with the Yellow River flow along the north border of the basin. It is
located in the transition area from north subtropical to warm temperate zone, dominated by a continental monsoon climate. Huaihe
River has many tributaries, such as Hongru River, Pi River, and Shaying River. Fig.1 shows four hydrological stations (Bengbu, Lutaizi,
Huaibing, and Xixian) along the mainstream and three hydrological stations (Bantai, Hengpaitou, and Zhoukou) along the tributaries.
There are many reservoirs along the mainstream and tributaries, among which 23 large and medium-sized reservoirs (shown in Fig.1)
are considered according to the Global Reservoir and Dams Dataset (Lehner et al., 2011). The study basin is an important cereal
producing area in China, and has many large-scale agricultural irrigation areas. Cropland accounts for about 75 % of the total area of
the basin, and main crops grown in the Henan Province are non-paddy crops (e.g., wheat), whereas paddy (rice) is the major crop in the
Anhui province. Additionally, the study basin has the highest population density in China (about 662 people/km2). Since 1949, the
region was frequently struck by severe droughts in the past, such as the 2008–2009 autumn-winter drought.
2.2. Datasets
The global datasets of PCR-GLOBWB 2.0 model during the period of 1979–2010 were obtained from Sutanudjaja et al. (2018)
(https://geo.data.uu.nl/research-pcrglobwb/pcr-globwb_gmd_paper_sutanudjaja_et_al_2018/). Considering that the meteorological
forcing data in the PCR-GLOBWB datasets are not accurate in China, gridded daily temperature and precipitation from 1979 to 2010
retrieved from the China meteorological forcing dataset (CMFD) (He et al., 2020, https://data.tpdc.ac.cn/zh-hans/) were used instead.
The CMFD meteorological data have a 0.1 ◦ resolution and were interpolated to a 5 arcmin spatial resolution by bilinear interpolation
method to force PCR-GLOBWB 2.0 model. Monthly discharge observed at 7 hydrological stations (Fig. 1) during the period 1979–2010
were derived from the Bureau of Hydrology and Water Resources of Henan Province, China. The census data of yearly industry water
use, domestic water use, livestock water use, irrigation water use, groundwater water abstraction, surface water abstraction, and

Fig. 1. Topography, lakes and rivers of the study basin and locations of hydrological stations and major reservoirs.
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locations of major reservoirs (Fig. 1) in the catchment were taken from “Annual water resources bulletin of the Huaihe River Basin,
China” for the period of 1999–2010, which were downloaded from the website of the Huaihe River Conservancy Commission (HRCC,
http://www.hrc.gov.cn/).
3. Methodology
In this study, the scenario comparison method for quantifying the impact of different human activities on hydrological drought
characteristics consists of four major steps. (1) CMFD meteorological data and global parameter datasets of PCR-GLOBWB 2.0 model
were used to build PCR-GLOBWB 2.0 model with a 5 arcmin spatial resolution over the catchment during the period of 1979–2010. The
constructed PCR-GLOBWB 2.0 model was calibrated and validated using datasets of observed monthly discharge and census-based
yearly water withdrawal and water consumption. (2) The PCR-GLOBWB 2.0 model was used to simulate the spatial-temporal varia
tion of discharge under different human activity scenarios. (3) The variable threshold method was used to identify hydrological
drought characteristics under different simulated scenarios. The threshold was determined based on the simulated monthly average
discharge under the natural scenario(S0). (4) The hydrological drought characteristics of different human activity scenarios were
compared to those of natural scenario (S0) for quantifying the impacts of different human activities on hydrological drought
characteristics.
3.1. PCR-GLOBWB 2.0 model
PCR-GLOBWB 2.0 model dynamically calculates the water storage in two vertically cumulated soil layers as well as an underlying
groundwater layer at each grid unit and daily time step. The model also simulates the water balance between the atmosphere and the
top soil layer (snow melt, evapotranspiration, and precipitation) and between soil layers (capillary rise, percolation, and infiltration)
(Wada et al., 2014). Moreover, snow storage and canopy interception also are considered in the model. The land cover types of
PCR-GLOBWB model includes natural short vegetation, natural tall vegetation, irrigated paddy crops, and irrigated non-paddy crops.
The local runoff of each unit includes the surface or direct runoff (Qdr), the second layer interflow (Qsf), and the groundwater base flow
(Qbf) (Sutanudjaja et al., 2014). The river discharge was routed by kinematic wave routing approach for accumulating the local runoff
across the river network from all grids. PCR-GLOBWB model integrates human water management (e.g., non-irrigation water use,
irrigation water use, and reservoir operation) into the model and solves the process of water withdrawal, consumption, and return flow
of human water management. In this study, water withdrawal is equal to all gross water demand and taken from surface water and
groundwater. More details of the structure and configuration of PCR-GLOBWB 2.0 model can refer to Sutanudjaja et al. (2018).
In PCR-GLOBWB 2.0 model, non-irrigation water use covers three sectors: domestic, industry, and livestock water use. For each of
non-irrigation water use, the water demand of non-irrigation is estimated at a daily time step and are prescribed to the PCR-GLOBWB
2.0 model (Wada et al., 2014). Industrial water demand is estimated by multiplying water use intensities with the reference gridded
water demand in 2000 (Wada et al., 2016). Domestic water demand is estimated by multiplying domestic water withdrawal of country
per capita with number of persons in each grid cell (Wada et al., 2014). Livestock water demand is estimated by multiplying daily
drinking water requirements of livestock with number of livestock in each grid unit.
In the irrigation scheme for irrigation water use simulation, rice and non-rice crops are parameterized separately in PCR-GLOBWB
2.0 model, and the feedback between irrigation water and corresponding changes in surface water and soil water is considered and is
dynamically linked with water balance of soil water storage, surface water, and evapotranspiration over irrigated areas. The irrigation
water demand is calculated based on the irrigated area per grid and the crop composition according to FAO guidelines (Wada et al.,
2014). The irrigated area in each cell is estimated based on reported irrigated areas of FAOSTAT (https://www.fao.org/faostat/en/
#home) and changes over year, while the fractions of non-rice and rice irrigation and monthly crop composition maintains unchanged.
Reservoir operation in PCR-GLOBWB model is carried out by considering the functions of water supply for human water use, flood
control, hydropower, navigation, and others. Reservoir operation is dynamically linked with the routing scheme to meet the water
demand of local and downstream (Van Beek et al., 2011). PCR-GLOBWB 2.0 model incorporates about 7000 reservoirs with storage
capacity larger than 0.1 km3 (many smaller reservoirs are also added if data are available) globally and are gradually incorporated into
the model according to their constructed years based on the Global Reservoir and Dam Database (GRanD) (Lehner et al., 2011). This
database includes 23 large and medium-scale reservoirs in our study area (Fig.1).
3.2. Calibration and validation of PCR-GLOBWB 2.0 model
The parameter datasets of PCR-GLOBWB 2.0 model mainly includes 10 categories: meteorological forcing, land cover areas over
cell areas, upper and lower soil store parameters, root fractions per soil layer, topographical parameters, Arno scheme exponents,
parameters related to phenology, ratio of cell-maximum (minimum) soil storage, groundwater parameters, and human water man
agement parameters (e.g., non-irrigation water demand, and lakes and reservoir) (Sutanudjaja et al., 2018). These parameters were
calibrated by Sutanudjaja et al. (2018) for global application. When applying these global parameters to the basin of our study, the
meteorological forcing data, soil parameters, groundwater parameters, and human water use parameters of PCR-GLOBWB model
global datasets were adjusted.
First, we replaced CRU TS 3.2 dataset with CMFD (He et al., 2020) as the meteorological forcing data of the PCR-GLOBWB 2.0
model. Second, according to the method of calibrating PCR-GLOBWB model proposed by Sutanudjaja et al. (2014) and López López
et al. (2017), other parameters (i.e., soil parameters, groundwater parameters, and human water use parameters) were adjusted by
4
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multiplying each grid with a spatially uniform pre-factor (Table 1), instead of adjusting actual parameter values. These adjusted
parameters can be divided into two categories. The first category of parameters is gross and net human water demand data (e.g.,
industry, domestic, and livestock water demand). These yearly water demand data were calibrated by using spatially uniform
pre-factors based on the observed yearly water demand data (Table 1). Other categories (baseflow recession coefficient, soil saturated
hydraulic conductivities, and minimum soil water capacity) were calibrated by using step-wise calibration approach based on spatially
uniform pre-factors (Table 1). The remaining global parameters of PCR-GLOBWB 2.0 model were kept fixed.
In this study, the observed monthly discharge at 7 hydrological stations (Fig.1) and yearly water consumption and water with
drawal of the study basin were used for calibrating and validating the PCR-GLOBWB 2.0 model. The simulation series from 1979 to
2010 was divided into three segments. Data of the first two years (1979–1980) was used for spinning up the model to reach a
dynamically stable state. The data of 1981–1995 were used for calibration, and the remaining data of 1996–2010 were used for
validation. The spin up period was not included in the subsequent analysis.
To evaluate the performance of discharge simulation, correlation coefficient (r), Nash-Sutcliffe coefficient of efficiency (NSE), and
relative bias error (RBE, %) are employed. In addition, to evaluate the performance of water consumption and water withdrawal
simulation, root mean square error (RMSE) besides r and RBE is adopted. These statistical metrics can be calculated as follows:
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
/√
√ T
√ T
T
∑
√∑
√∑
√
r=
(x(t) − x)(y(t) − y)
(x(t) − x)2 √
(y(t) − y)2
(1)
t=1

t=1

T
∑

NSE = 1 −

/
[x(t) − y(t)]2

t=1

T
∑

t=1

(2)

[x(t) − y]2

t=1

/
T
T
∑
∑
RBE = ( (x(t) − y(t)
y(t)) × 100%
t=1

(3)

t=1

√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
/
√ T
√∑
2
√
RMSE =
T
(x(t) − y(t))

(4)

i=1

Here, x(t) and y(t) indicate observed and simulated data, respectively; T is a number of time steps; t is a time step.
3.3. Experimental setup
In PCR-GLOBWB 2.0 model, three types of human activities, i.e., non-irrigation water use, irrigation water use, and reservoir
operation, are considered. Human water use denotes the water demands for industry, domestic, livestock, and irrigation, which are
converted to actual withdrawals from surface water (i.e., reservoirs, lakes, rivers) and groundwater, and water consumption and return
flows are also calculated for each sector. For non-irrigation water use, withdrawn water is used for domestic and livestock water
supply, or industrial production. The return flow of non-irrigation water use is added to the surface water. For irrigation water use,
withdrawn water is used for paddy and non-paddy irrigation. Some part of irrigation water is consumed by transpiration and evap
oration, and the rest part of irrigation water infiltrates to the groundwater as the return flow. In addition, reservoir operation is
considered into the model indicating that the discharge can be regulated by reservoir operation for the purposes of water supply (to
meet water demand), flood control, hydropower, navigation, and others (Van Beek et al., 2011).
To separate the effects of different human activities on hydrological drought, we set five scenarios (Table 2), i.e., S0 ~ S4, with the
same model forcing and boundary conditions, but different human activities. To perform scenario comparison with the calibrated PCRGLOBWB model, we simulated different human activity scenarios by adjusting the model input data. For S0, we did not consider any
human activity, that is, did not use any human activity parameters (i.e., irrigation area, non-irrigation water demand, and reservoir
operation) to run the model. For S1, we only used industry, domestic, and livestock water demand to force and run model. For S2, we
Table 1
Adjusted parameters, pre-factors, and adjustment functions based on global parameterization of PCR-GLOBWB 2.0 model for the study area.
Parameters

Symbol

Pre-factors

Minimum soil water capacity

Wmin

fw ∈ (0, 3)

Ksat2

fk ∈ [ − 1, 1]

Upper soil saturated hydraulic conductivities
Lower soil saturated hydraulic conductivities
Baseflow recession coefficient

Ksat1

J

Adjusted functions
Wmin = fw × Wmax = fW × (SC1, global + SC2, global )

fk ∈ [ − 1, 1]

log (Ksat,1 ) = fk + log (Ksat,1 , global)

fJ ∈ [ − 1,

log (J) = fJ + log (Jglobal )

1]

Gross water demand

GWD

fGWD ∈ (0, 10]

Net water demand

NWD

fNWD ∈ (0, 10]

log (Ksat,2 ) = fk + log (Ksat, 2 , global)
GWD = fGWD × GWDglobal

NWD = fNWD × NWDglobal

Note: The subscript “global” indicates the parameters are global parameters obtained from Sutanudjaja et al. (2018). Pre-factors are spatially uniform
values, which are used to adjust global parameters.
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Table 2
Five simulation scenarios conducted in this study.
Human activities

Scenarios
S0
S1
S2
S3
S4

Non-irrigation water use

Irrigation water use

Reservoir operation

No
Yes
No
Yes
Yes

No
No
Yes
Yes
Yes

No
No
No
No
Yes

Notes: Non-irrigation water use refers to water use in three sectors: domestic, industry, and livestock.

only used irrigation parameter to force and run model. For S3, we used irrigation parameters and non-irrigation parameters (industrial,
domestic, and livestock water demand) to drive the model. For S4, we used all human activity parameters (i.e., irrigation area, nonirrigation water demand, and reservoir operation) to drive the model. Note that non-irrigation water use is not considered in S0 and S3
indicating that no water withdrawal and water consumption in surface and ground for industrial production, domestic and livestock
water supply, and no irrigation water use in S0 and S1 indicating that all crops in irrigation regions are rain-fed and evapotranspiration
is calculated according to natural vegetation land cover types (Bosmans et al., 2017), and no reservoir operation in S0, S1, S2, and S3
indicating that all reservoirs are considered as lakes and have no function of regulating discharge. Note that S0 is a naturalized sce
nario, and S4 is an actual scenario.
S0 was taken as the baseline scenario for assessing the characteristics of hydrological droughts under different human activity
scenarios. The characteristics of hydrological droughts of S1, S2, S3, and S4 scenarios were compared to those of S0 respectively to
estimate their percentage impacts on hydrological droughts. The effects of different human activities under different scenarios are
measured using the following measures:
IWU =

HDSj − HDS0
× 100% , j = 1, 2, 3
HDS0
(

IRO =

HDS4 − HDS3
HDS0

(5)

)
(6)

× 100%

Here, IWU (WU denotes NWU, IWU, or AWU) is the percentage impacts of different water use (WU) type, i.e., non-irrigation water use
(NWU), irrigation water use (IWU), and all-type water use (AWU) on hydrological drought characteristics, respectively; HD with
different subscripts represents hydrological drought characteristics (defined in Section 3.4) under different simulation scenarios. In
addition, IRO is the percentage impact of reservoir operation (RO) on hydrological drought, equal to the difference of the impact under
S4 minus the impact under S3.
3.4. Calculation of hydrological drought characteristics
The variable threshold method (VTM) is used to extract drought characteristics from simulated monthly discharge. A discharge
threshold with a probability of exceedance between 70~90 % is commonly used in previous studies (e.g., Van Loon and Van Lanen,
2012; Wada et al., 2013). To consider the seasonal variation of streamflow, the monthly average discharge with the exceedance
probability of 80 % (Q80) was selected as the threshold level based on the simulated monthly average discharge under S0 scenario in
this study.
The drought state at a gauging station or a grid cell (n) in a given month t can be judged by a binary variable S(t, n), given by:
{
1, Q(t, n) < Q80 (t, n)
S(t, n) =
(7)
0, Q(t, n) ≥ Q80 (t, n)
where, Q80(t,n) is the drought threshold of month t, representing the monthly discharge being exceeded or equalled 80 % of the time; Q
(t,n) is the monthly discharge. The value 1 of S(t,n) indicates a state of drought, and 0 indicates no drought.
The standardized drought streamflow deficit, denoted by SDSD(t,n), in a specific month t at location n can be calculated by:
SDSD(t, n) =

max(Q80 (t, n) − Q(t, n), 0)
Q80 (t, n)

(8)

The total drought streamflow deficit, denoted by TDSD(i), for each drought event i is the total deviation from the threshold during
the drought, which can be calculated by:
Ei
∑

TDSD(i) =

(9)

max(Q80 (t, n) − Q(t, n), 0)
t=Si

where, Si and Ei are the start and end time of each drought event i, respectively.
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Furthermore, the percentage of drought area over the whole region, denoted by PDA(t), at a month t can be defined by:
N
∑

PDA(t) =

S(t, n)

(10)

n=1

N

where, N is total number of grid cells. PDA ranges between 0 and 1, with 0 represents that no grid cells are in drought and 1 represents
that all the area is in drought.
4. Results
4.1. Evaluation of model simulation
The performances of monthly discharge simulations during calibration period (1981–1995) and validation period (1996–2010) at 7
gauging sites are presented in 7 plots of Fig. 2, which show that the observed and simulated discharge agree well. For four stations
along the mainstream, the values of r in calibration and validation period ranged between 0.90− 0.93 and 0.89− 0.93, NSE ranged
between 0.80− 0.87 and 0.80− 0.83, and RBE ranged between -10.43 %-8.72 % and -6.33 %-7.49 %, respectively. For three stations in
tributaries, the values of r in calibration and validation period ranged between 0.86− 0.93 and 0.86− 0.89, NSE ranged between
0.72− 0.83 and 0.71− 0.76, and RBE ranged between -8.07 %–22.15 % and -1.27 %-12.09 %, respectively. Comparing the simulation
performance of the mainstream with that of the tributary indicates that the simulation accuracy of large rivers is better than small
rivers, which is in line with the study of He et al. (2017). Overall, NSE varies from 0.71 to 0.87, and the absolute values of RBE range
between 1.27–22.15 %, which indicate that the calibrated PCR-GLOBWB 2.0 model can well simulate the hydrological process of our
study basin.
Due to data availability, water withdrawal and water consumption simulation were evaluated at yearly time scale from 1999 to
2010 (see section 2.2.). Fig. 3 shows scatter plots of the simulated versus census data of yearly water withdrawal and water con
sumption during 1999–2010. The result shows that simulated water withdrawal and water consumption match closely with the census
data. In addition, the performance of water withdrawal and water consumption simulation during 1999–2010 are summarized in
Fig. 4. The median value of r of water withdrawal and water consumption simulation were 0.71 and 0.12, respectively (Fig. 4(a)). The
median value of RMSE of water withdrawal and water consumption simulation were 3.95 and 4.11 mm/yr, respectively (Fig. 4(b)).
The median value of RBE of water withdrawal and water consumption simulation were 1.63 % and 1.07 %, respectively (Fig. 4(c)).
These results demonstrate that the calibrated model can generally capture the magnitude of water consumption and withdrawal,
although the trend simulations of water withdrawal and water consumption contain some uncertainties.
4.2. Comparison of simulated drought streamflow deficits with the observed deficits
The scenarios S0 and S4 (Table 2) were selected as examples to compare the simulated total drought streamflow deficit (TDSD)
during the number of months of a specific drought event with observed TDSD, respectively. In Fig. 5 the simulated TDSDs were
calculated based on simulated monthly discharge in scenarios S0 and S4, respectively, while the observed TDSDs were calculated based
on the observed monthly streamflow at 7 hydrological stations. Comparison of the simulated TDSD per drought event of S4 with the

Fig. 2. Comparison of monthly observed and simulated discharge at 7 gauging sites during calibration period (1981-1995) and validation period
(1996-2010).
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Fig. 3. Comparison of simulated yearly water withdrawal and water consumption with observed water withdrawal and water consumption in the
study basin during the period 1999-2010.

Fig. 4. Box plots of performance metrics, i.e. (a) r, (b) RMSE, and (c) RBE, of yearly water withdrawal and water consumption simulation in the
study basin during the period 1999-2010. The lower and upper boundaries of the box represent the 25th and 75th percentiles, and the black line
within the box represents the median value.

observed TDSD at 7 hydrological stations exhibits good consistency, which indicates that the calibrated PCR-GLOBWB model can
generally reproduce TDSDs under the low flow conditions in the study basin. For S0, the simulated TDSDs were less than those of the
observed (scatter plots are distributed below the 1:1 line). However, simulated TDSDs under S4 heavily increased comparing to those
under S0 (scatter points were basically distributed on the 1:1 line). This also indicates that the TDSD was significantly increased by
human activities. In addition, it is worth noting that the distribution of scatter points gets less scattered with the increase of the TDSD,
which may be due to monthly threshold was used to identify hydrological drought, which could cause some errors in estimating short
drought events (Beyene et al., 2014).
4.3. Temporal variation of impacts of different human activities on hydrological drought
Fig.6 compares the annual percentage of drought area (PDA) and standardized drought streamflow deficit (SDSD) under different
human activity scenarios (S0, S1, S2, S3, and S4) over the entire basin during the period 1981–2010. PDA and SDSD present similar
pattern of temporal variation. Taking the PDA larger than 0.2 and the SDSD larger than 200 as the criteria (two dashed lines in Fig.6)
for quantifying the hydrological wetness, we can identify seven severe multi-year dry periods, i.e., 1981–1982, 1986, 1988,
1992–1995, 1997, 1999–2002, and 2008–2009. The detected dry periods are in line with most of the major droughts in the Huaihe
River Basin reported by Chen et al. (2013). Notably, PDA (Fig.6 (a)) and SDSD (Fig.6 (b)) under scenarios that considering human
activities (i.e., S1, S2, S3, and S4) are always larger than those under scenario S0, which indicates that hydrological droughts were
significantly intensified by human activities, especially human water use.
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Fig. 5. Comparison of simulated total drought streamflow deficits (TDSDs) under S0 and S4 with the observed TDSDs for drought events from 1981
to 2010.

Fig. 6. Variation of (a) annual percentage of drought area (PDA) and (b) standardized drought streamflow deficit volume (SDSD) over the entire
basin from 1981 to 2010 under five simulation scenarios.

The impacts of NWU, IWU, AWU, and RO on annual SDSD and PDA over the entire basin from 1981 to 2010 are illustrated in Fig. 7.
It is shown that, in general, NWU increased SDSD and PDA by about 119 % and 72 % on average during 1981–2010 (Fig. 7(a)), whereas
IWU increased SDSD and PDA by about 214 % and 110 % on average (Fig. 7(b)). That is, the impact of IWU is bigger than NWU in
magnitude, which is in agreement with Fig. 6, indicating that the SDSD and PDA under S2 were larger than those under S1. In addition,
with the combined effects of NWU and IWU, SDSD and PDA increased by about 310 % and 148 % on average from 1981 to 2010 (Fig. 7
(c)). In comparison with the effects of water use, the impacts of reservoir operation on the drought were minor from the perspective of
the entire basin (Fig. 7 (d)). While water uses always worsen droughts, RO may aggravate or reduce SDSDs over time depending on the
function of reservoir operation (such as water supply, flood defense, power generation, or others).
4.4. Spatial impacts of different human activities on hydrological droughts
Fig.8 shows the spatial impacts of NWU, IWU, AWU, and RO on average SDSD on grid basis over the region during the period
1981–2010. Significant spatial variability of the impacts of human activities on SDSD across the basin can be inspected in Fig.8. In most
regions of the study basin, human water use (IWU, NWU, and AWU) increased SDSD by more than 20 %, and even increased up to
about five times in some regions (Fig. 8 (a)-(c)). Meanwhile, human water use reduced drought impacts in small parts of basin. These
results indicate that the effects of human water use on SDSD are mixed over space. In addition, comparing effects of different types of
water use on drought, it can be found that the impact of IWU is bigger than that of NWU, which is in line with the results of Section 4.3.
9
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Fig. 7. Box plots of impacts of (a) NWU (non-irrigation water use), (b) IWU (irrigation water use), (c) AWU (all-type water use), and (d) RO
(reservoir operation) on the annual mean standardized drought streamflow deficit (SDSD) and percentage of drought area (PDA) over the entire
basin during the period 1981-2010. The lower and upper boundaries of the boxes represent the 25th and 75th percentiles, and the black line within
the box represents the average value.

Fig. 8. The spatial impacts of (a) NWU (non-irrigation water use), (b) IWU (irrigation water use), (c) AWU (all-type water use), and (d) RO
(reservoir operation) on the average annual SDSD during the period 1981-2010.

The impacts of RO and human water use on hydrological droughts have different spatial patterns. Fig.8 (d) shows the average impacts
of reservoir operations on SDSD from 1981 to 2010. While both positive and negative impacts can be inspected in the upstream and
downstream areas of the reservoirs, there is a general spatial pattern that RO alleviates SDSD in the downstream water-receiving area,
but aggravates SDSD in the upstream area.
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The 2008–2009 autumn-winter drought was selected as an example to further characterize the impacts of different human activities
on a severe drought. Fig.9 shows the spatial pattern of the impacts of four types of human activities on SDSD of the 2008–2009 autumnwinter drought. In general, human water use severely increased SDSD, even up to five times in some regions compared to natural
variability. Comparing the effects of different type of water use on SDSD, it can be found that the impact of NWU is greater than that of
IWU. This is inconsistent with the above results, which is due to the decrease of irrigation water consumption in autumn and winter. In
Fig. 9 (c), it is found that the combined impacts of IWU and NWU severely amplified SDSD, up to five times for much more regions than
irrigation or non-irrigation water uses. In addition, take the locations of 23 reservoirs and their catchments as the upstream area, in the
downstream areas of these reservoirs (i.e., downstream rivers, downstream water-receiving areas) the RO impact less than 0 can be
inspected in Fig.9(d) generally, which indicates that RO can alleviate SDSD in the downstream water-receiving area and the down
stream rivers during the 2008–2009 autumn-winter drought.
5. Discussions
This study quantified the impact of human water uses (i.e., irrigation water use and non-irrigation water use) and reservoir op
erations on the characteristics of hydrological drought using scenario comparison with PCR-GLOBWB 2.0 model in Huaihe River Basin
during the period 1981–2010. Results show that although human activities have significant impacts on hydrological droughts, there
are large differences over time and space. In this section, we discuss the opposing roles of human water use and reservoir operations
affecting hydrological drought, compare the impact of human activities on hydrological drought indicated by different methods with
this study, and discuss uncertainties and limitations caused by scenario comparison with PCR-GLOBWB 2.0 model.
5.1. The dual role of human water use affecting hydrological drought over space
In general, our results shows that human water use (i.e., IWU and NWU) could reduce or increase drought in different spatial
locations (i.e., Fig. 8 (a) and (b)), and the impacts of human water use on hydrological droughts present remarkable spatial hetero
geneity. For heterogeneous spatial impacts of different types of water use (i.e., IWU and NWU) on hydrological drought characteristics,

Fig. 9. Same as Fig.8, but for the case of the 2008-2009 autumn-winter drought.
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there are different reasons in different human activity scenarios.
Differences in magnitudes and patterns of increased drought impacts caused by NWU can be explained by the difference in nonirrigation water consumption. By comparing Fig. 10 (a) and Fig. 8 (a), the non-irrigation water consumption and the impact of
NWU on SDSD have similar spatial patterns, that is, the impact of NWU on drought is great in areas where water consumption is high.
While NWU increased SDSD in most parts of the basin, in some small parts (i.e., north edge, northeast, and central parts of the basin)
NWU reduced SDSD. North edge parts of basin are comparatively dry with limited availability of surface water and have several large
cities with large water requirements for non-irrigation water use. A large amount of groundwater withdrawal to the north border of the
Huaihe River Basin for NWU resulted in a large amount of return flow to surface water in northern parts of basin, as shown in Fig. 10
(b) and (c). Therefore, the SDSDs were alleviated in this region. In other areas (e.g., northeast, and central parts of study basin) where
the return flow and water consumption are relatively small (Fig.10 (b) and (c)), the cause that NWU alleviated SDSD seems to be
different compared to the north edge of the basin. To further explain this problem, we selected an example grid, located in the
northeast of the study basin (115◦ 17′ 30′ E, 34◦ 17′ 30′′ N, Fig.10). As show in Fig.11, comparing the discharge under S1 with that under
S0, it can be found that the return flow under NWU increases the discharge generally, especially in the low flow situations. Thus,
overall NWU alleviated the hydrological drought in these regions. This finding is consistent with De Graaf et al. (2014), which found
that the return flow to surface water can increase low flow, and in regions where industrial water use is dominant, return flow impact is
large.
As shown in Fig. 8 (b), the impact of IWU on SDSD presents a contrasting spatial difference in northwest half (Henan Province) and
southeast half (Anhui Province) of the basin, namely, IWU heavily increased SDSDs in the northwest part while reduced SDSDs in most
of the southeast part of the basin. Such a contrasting impacts by IWU is related to the different irrigation practices for paddy and nonpaddy in PCR-GLOBWB 2.0 model. As shown in Fig.12, the main irrigated crop in northwest half is non-paddy (e.g., wheat), while the
main irrigated crop in the southeast half is rice paddy. In the southeast half of the basin (mostly in Anhui Province, Fig.1), IWU is
mostly used for paddy irrigation, which requires a certain surface water depth over the paddy fields to represent flooding irrigation
during growing seasons (Wada et al., 2014; Sutanudjaja et al., 2018; Yang et al., 2020). This flooding irrigation needs a large amount of
water being abstracted from surface water (e.g., river) to paddy growing regions. To meet such large quantities of water, IWU in paddy
irrigation regions withdrawals water not only from local grids but also mostly from upstream grids along the major rivers. At that case,
IWU in the mostly paddy irrigated regions not only reduce the water availability in major rivers, but also results in quantities of water
being transferred to paddy irrigated areas (Fig.13 (b) and (c)), which increase soil water storage and land surface runoff in the paddy
irrigated area. Therefore, as shown in Fig. 8 (b), IWU reduced SDSD in most paddy irrigated areas of basin because a large amount of
water in the upstream area was transferred to these regions but increased the SDSD in major rivers because quantities of water were
abstracted for irrigating the rice paddy. In contrast, in the northwest half water withdrawal (Fig.13(b)) is mainly used for non-paddy
irrigation. Non-paddy needs relatively small quantities of water withdrawal comparing to flooding irrigation, which leads to
comparatively small quantity of water transferring to non-paddy irrigation areas because most of their demand can be meet by
abstracting water from local grid cells. At that case, most of locally withdrawn water was consumed by evapotranspiration (Fig. 13(a)),
with only a small amount of irrigation water returned to river system via infiltration into the soil in non-paddy irrigated areas (Fig.13
(c)). The most of locally withdrawn water being consumed and comparatively small quantity of water transfer results in water losses in
non-paddy irrigation areas, and consequently exacerbates hydrological drought in this region. A recent study by Shah et al. (2021) also
found that irrigation intensifies streamflow drought while alleviates soil moisture drought in India during 1951− 2016.
5.2. The dual role of reservoir operation affecting hydrological drought
In this study, both the positive and negative effects of RO on hydrological drought were found not only over time but also over
space, as shown in Fig.7 (d) and Fig.8 (d). Whether a reservoir is beneficial to drought resilience depends on its specific operation rules
(Rangecroft et al., 2019). Our results suggest that RO reduces the SDSD in downstream water receiving area while increases the SDSD

Fig. 10. Spatial patterns of average (a) non-irrigation water consumption, (b) groundwater withdrawal for non-irrigation water use, (c) nonirrigation return flow during the period 1981-2010. The red dots in (a), (b), and (c) represent the selected example grid (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article).
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Fig. 11. Time series of simulated monthly discharge of S0 and S1, and the threshold level Q80 (derived from S0) on an example grid that NWU
alleviated SDSD.

Fig. 12. The fraction of (a) irrigated non-paddy crops and (b) irrigated paddy crops in each grid cell over the basin.

Fig. 13. Spatial patterns of average (a) irrigation water consumption, (b) irrigation water withdrawal, and (c) irrigation return flow during the
period 1981-2010.

in the upstream area (Fig.8 (d)). Previous studies also showed the dual roles of RO. For example, He et al. (2017) and Yang et al. (2020)
found that RO can help alleviate hydrological droughts, while Van Dijk et al. (2013) and Van Oel et al. (2018) found an increase in the
severity of hydrological drought due to the effects of RO. The results of our study revealed the spatial differences of impacts of RO on
hydrological drought in the upstream and downstream areas of the reservoirs.
In addition, our results also show that the RO during the 2008–2009 autumn-winter drought can alleviate SDSD in the downstream
water-receiving area and the downstream river channels (Fig. 9(d)). Over the 1981–2010, the impact of RO on hydrological drought is
a comprehensive average impact of various reservoir operation modes (e.g., water supply, drought resilience). And water supply (for
non-irrigation water use or irrigation water use) were the main mode of RO during 1981–2010, thus RO not only reducing the drought
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in the downstream water receiving area, but also increasing the drought in the upstream area. In the 2008–2009 autumn winter
drought, releasing water for drought resilience is the main mode of RO, thus RO alleviating SDSD in the downstream water receiving
areas as well as river channel of downstream. This kind of impacts of RO on a drought were also reported in previous studies. For
example, the three Gorges Reservoir can effectively alleviate the downstream drought conditions through reservoir regulation (Zhan
et al., 2015; Chai et al., 2019; Jiao et al., 2020; Li et al., 2021). Similarly, Dai et al. (2008) found that the Three Gorges Reservoir
released about 3.58 × 109 m3 water in the driest year of 2006 for drought resilience, and the flow in the dry season is consistent with
the normal year.
5.3. Magnitude of human impacts on hydrological drought indicated by different approaches
Human water uses for industrial, domestic, and livestock water supply, or agricultural irrigation heavily decreased the water of
rivers or reservoirs, and then increased local hydrological droughts. In general, our results show that NWU, IWU, and AWU increased
SDSD (PDA) by about 119 % (72 %), 214 % (110 %), and 310 % (148 %) over the whole study basin on average during 1981–2010,
respectively (Fig. 7). Similar results have been reported in previous studies in other regions. For example, a global study by Wada et al.
(2013) showed that human water consumption increased hydrological drought deficit by 10–500 % from 1960 to 2010 in high water
consumption regions. Yang et al. (2020) showed that human activities (mainly human water consumption) increased drought deficit
by about 70–200 % over northern China during 2004− 2015. These studies used the same method as our study, namely, scenario
comparison approach. In addition to “scenario comparison” method, other methods are also used to analyze the impact of human
activities on drought in previous studies. For example, Wang et al. (2020) pointed out that human activities increased drought deficits
with maximum increases of 865 % by using “observed-simulated” comparison approach in the Laohahe basin of northeastern China.
Also in the Laohahe basin, Liu et al. (2016) using “pre-post-disturbance” comparison approach found that the deficit of hydrological
drought was amplified 300–800 % by human activities. Rangecroft et al. (2019) found that human activities drought deficit volumes
by 158 % on average with the upstream–downstream comparison in a basin of northern Chile. Van Loon et al. (2019) using the
paired-catchments comparison approach in Australia found that groundwater withdrawal (for human water use) aggravated total
deficit of hydrological drought by more than 200 %.
Our results and the studies mentioned above both revealed huge impacts of human activities on hydrological drought, i.e., the
amplification of hydrological droughts by up to several times. Van Loon et al. (2019) showed that the characteristics of human ac
tivities are different in various regions, so the magnitudes of humans affecting droughts are also different in different catchments.
5.4. Uncertainties and limitations of scenario comparison with PCR-GLOBWB 2.0 model
In this study, the major model parameters used for scenario experiment were adopted from the global parameter dataset calibrated
by Sutanudjaja et.al (2018). For global modeling, it is often impossible to get detailed parameters in a specific catchment, in particular
those about human activities (e.g., reservoirs, water withdrawal, or water consumption). Therefore, model calibration and validation
based on regional observations is necessary to improve the accuracy of local application of the global model (López López et al., 2017;
Liu et al., 2019; Hosseini-Moghari et al., 2020). Many previous studies of analyzing the contributions of human activities on hydro
logical droughts did not conduct a model calibration (e.g., He et al., 2017; Yang et al., 2020; Jiao et al., 2020), which could result in
notable uncertainties in estimating human impacts (Van Loon et al., 2019; Shah et al., 2021). In this study, we used observed monthly
discharge of 7 gauging stations and yearly water withdrawal and water consumption of different water use sectors to calibrate and
validate the PCR-GLOBWB 2.0 model at the Huaihe River Basin. The results show that the calibrated model can well simulate the
hydrological process of our study basin (Figs. 2–4), albeit with the simulation of trends of water withdrawal and consumption still
exhibits some uncertainties (Fig. 4 (a)). In fact, trends of water use are difficult to be captured using global hydrological models
(GHMs), especially in China where policy interventions and technological adoptions are used to adjust water consumption (Wada
et al., 2014; Zhou et al., 2020), which is difficult to be parameterized in the hydrological model. Moreover, the trend is not used as a
performance criterion of simulation evaluation in many hydrological models (Hosseini-Moghari et al., 2020). Regarding model
calibration and validation, there are still some limitations and uncertainties that need to be solved in future.
First, the parameters were calibrated by using spatially uniform adjustment factors (Table 1) over whole basin, which does not
consider the spatial variability of parameters. Therefore, a new calibration strategy should be developed for making the adjustment
factors and parameters change with soil type, land use, altitude, or other characteristics (López López et al., 2017).
Second, the PCR-GLOBWB model does not consider the inter-basin water transfer (Wada et al., 2016). For surface water with
drawal, it abstracts water from simulated surface water based on the water availability at local or upstream grids along the river
network. For groundwater withdrawal, it only abstracts the ground water (renewable and nonrenewable groundwater) from the local
grids, and if the amount of groundwater water withdrawal is larger than the available groundwater storage, the unmet water demand
will be imposed on the nonrenewable groundwater (Wada et al., 2016). The north edge of our study basin is adjacent to the Yellow
River (Fig.1), and the water of Yellow River is transferred regularly to the Huaihe River Basin to meet some unmet water demand,
which is not included in the PCR-GLOBWB model. Therefore, the groundwater withdrawal, especially the non-renewable groundwater,
is likely overestimated by the model, because some water demand is met by water transfers from Yellow River in the reality but met by
groundwater withdrawal in the model.
Third, due to data availability, the observed data used for calibration and validation of water withdrawal and water consumption
simulation are on annual time scale, which neglects the inter annual variation of water use. Also, the period of the water use data series
used for comparison is relatively short, with only 12 years of data samples (1999–2010), which cannot verify the accuracy of the whole
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simulation period (1981–2010). In addition, the temporal variation (less than a year) of the model performance can also bring some
uncertainties. especially during periods of water shortage when framers tend to adjust their irrigation water use temporally to cope
with drought, which could enhance the societal resistance to droughts (Wada et al., 2013).
Forth, parameters of reservoirs were obtained from the Global Reservoir and Dams Dataset (Lehner et al., 2011), which includes
only 23 large and medium-sized reservoirs in our study basin (Fig. 1), whereas there are much more smaller reservoirs operated in the
basin. Although the influence of small reservoirs is expected to be smaller than the influence of large and medium-sized reservoirs
because small reservoirs are usually located on smaller rivers and has relatively small capacities of storage, the collective impacts of
small reservoirs on hydrological drought characteristics could be significant. A promising way to derive information of undocumented
reservoirs is using high resolution remote sensing products. For example, a recent study (Busker et al., 2019) estimated the volume of
reservoirs in regions with sparse data by using the satellite altimetry. In addition, restricted by data availability, it is difficult to
parameterize the operation rules of each reservoir. Reservoir operation in PCR-GLOBWB 2.0 model was calibrated and validated using
monthly discharge of 7 hydrological stations, which may lead to biases in the parameterization of actual process of reservoir operation
in our study basin. Therefore, more data of irrigation, water use, and reservoir (operation) would be collected in the future to further
calibrate and parameterize the model.
6. Conclusions
In this study, the “scenario comparison” approach was used to identify the impacts of different human activities (i.e., IWU, NWU,
and RO) on hydrological drought based on the calibrated PCR-GLOBWB 2.0 model for the catchment above Bengbu in the Huaihe River
Basin. The results show that the impacts of human activities on hydrological drought vary in both time and space. From 1981–2010,
NWU and IWU increases SDSD by about 119 % and 214 % over the entire study basin on average, respectively. The effects of IWU and
NWU on SDSD show different spatial distribution characteristics. NWU heavily increase the SDSD in most regions of the basin, whereas
in other regions with limited availability of surface water NWU reduce SDSD due to return flow of unconsumed water to surface water.
IWU has contrasting impacts on hydrological droughts between non-paddy irrigation and paddy irrigation dominated regions. IWU
reduce SDSD in paddy irrigation dominated regions due to large quantities of water were transferred to those regions for paddy
irrigation (which requires a certain surface water depth over the paddy fields for flooding irrigation) but increase the SDSD in rivers of
those regions due to high quantity of water was abstracted from the rivers to meet the high water demand of paddy irrigation. In
contrast, IWU increase SDSD in non-paddy irrigation dominated regions because of most of water being withdrawn locally and
comparatively small quantity of water being transferred to non-paddy irrigation area. RO not only reduce SDSD in downstream water
receiving areas but also increase SDSD in the upstream regions generally for water supply during the period 1981–2010, and in
2008–2009 autumn-winter drought RO alleviate SDSD in downstream water-receiving area as well as rivers channel of downstream by
releasing water mainly for drought resilience.
The results of this study can provide increased understanding of the impacts of different human water management activities on
hydrological drought characteristics and provide actionable knowledge for improved water resource management and drought control
under the changing environment. Further research should be focused on improving the parameterization of human activities (e.g.,
reservoir regulation, water withdrawal, and human water use) in PCR-GLOBWB 2.0 model, so as to improve the modelling of the
effects of human activities on hydrological drought.
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