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Impact assessment of multiple uncertainty sources on
high ﬂows under climate change
Ye Tian, Yue-Ping Xu, Martijn J. Booij and Long Cao

ABSTRACT
This paper aims to investigate the uncertainty ranges of high ﬂows under climate change in Jinhua
River basin, eastern China. Four representative concentration pathways (RCPs), three global climate
models (GCMs), 10 downscaling parameter sets and three hydrologic models are applied to simulate
future discharges. Changes of annual maximum discharges are assessed for the baseline period
(1961–1990) and future period (2011–2040). The uncertainties of annual maximum discharges are
calculated for each uncertainty source and compared with different combinations of them. The
minimum temperature will probably increase all year round in the future period and maximum
temperature would increase in most cases. The changes of precipitation showed different directions
by different models and emission scenarios. The annual maximum discharges would decrease for all
RCPs. The order of uncertainty ranges of high ﬂows due to different uncertainty sources from high to
low is: hydrologic models, GCMs, parameter sets in the downscaling method and emission
scenarios. It must be noted that the small uncertainty contribution from different emission scenarios
is due to the study period when the differences in increase of radiative forcing and greenhouse gas
concentration are less obvious between different RCPs compared to the second half of the 21st
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INTRODUCTION
Extreme hydrological events like ﬂoods are one of the most

ﬂood events have signiﬁcantly increased since 1980 (Wu

severe natural disasters which have caused great economic

et al. ). In coastal regions like Zhejiang Province,

losses and casualties in many places in the world (Kundze-

where the study basin is located, climate change has exerted

wicz et al. ; Sena et al. a). Floods are closely

impacts on the hydrologic cycle and affected river runoff.

related to the climate system and are usually very localized

Typhoons usually bring much precipitation and cause

and sensitive to even modest changes of climate equivalent

ﬂoods almost every year, and there has been a signiﬁcant

or smaller than changes expected from potential global

increasing tendency in the past ﬁve decades (Tian et al.

warming (Knox ). Previous studies show that the fre-

; Xu et al. , ).

and

Many studies on the impact of climate change on

hydrological events have been increasing and are likely to

regional water resources focused on the long term average

quency and

intensity of

the

extreme climatic

continue to increase due to global warming (Easterling

ﬂows, but it is acknowledged that climate change may

et al. ; Bell et al. ). In China, over the past

severely affect extreme events in hydrology on a regional

40 years about 50% of summer precipitation in the lower

scale (Sena et al. b; Zakaria et al. ). Extreme

and middle Yangtze River is in the form of rainstorms

events are of most concern for water management and

which brings an increasing risk of summer ﬂood (Jiang

hazard prevention (Qi et al. ). However, the ability to

et al. ). Similarly, in the Pearl River basin extreme

predict extreme events is much less compared to average
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ﬂow events (Hirsch ; Tian et al. ). There is less con-

Chen et al. a; Tofiq & Guven ). This study focused

ﬁdence about changes in extremes than that in average ﬂows

on the uncertainty of a statistical downscaling method,

(Alliance ; Tian et al. ). Besides, the uncertainty of

and made a comparative analysis to other uncertainty

future extreme events may increase with future climate

sources including GCMs, scenarios and hydrological

variability and change, which requires us to develop a

models. The assessment of uncertainty along the whole

broader understanding of the range of possible hydrologic

modeling process is crucial because it provides more infor-

futures that we may face (Rolf et al. ).

mative projections of climate change impacts on the river

In impact studies of climate change on hydrology, com-

discharge and it is fundamental to improve the existing mod-

monly there are four steps involved (Horton et al. ;

eling techniques. Besides, it provides scientiﬁc support for

Wilby & Harris ; Camici et al. ). First, the scenarios

policymakers in water resources management to make a

are set up to assist in understanding the possible future

robust decision under climate change.

developments of the climate. Secondly, the global climate

Climate scenarios are possible images of the future.

models (GCMs) are applied to project the future climate

They are developed to describe how the future might be

under different climate scenarios. Then, because of the mis-

with respect to socio-economy, technology and emission of

match between the resolution of GCMs and hydrologic

greenhouse gases. In the 1992 Supplementary Report to

models, downscaling of GCM projections is implemented

the IPCC Assessment, six alternative IPCC scenarios

to reﬁne the GCM data so that the resolution could be com-

(IS92) were published which embodied a series of assump-

patible with the hydrologic models. Lastly, the downscaled

tions that have impacts on future greenhouse gas

GCM outputs are used as input to drive the hydrologic

emissions without considering climate policies (Houghton

models to simulate for instance river discharge at regional

et al. ). Based on IS92, in 2000 a set of IPCC scenarios

or local scales.

which estimated the uncertainty of greenhouse gas emis-

However, the impact assessment of future climate

sions was published in the Special Report on Emission

change is subject to a series of uncertainties. Owing to lim-

Scenarios (SRES) (Nakicenovic et al. ). Similarly as

ited knowledge of the reality and unpredictable future,

IS92, the SRES scenarios assumed no policy actions in cli-

uncertainties are inevitable in every step of the modeling

mate change mitigation and adaptation either. Recently,

process. There are many different classiﬁcations of uncer-

the SRES scenarios were updated and expanded for the pur-

tainty sources for various research purposes (Van der Keur

poses that ﬁrstly more detailed information is needed in

et al. ; Warmink et al. ). In terms of the location,

running the current generation of climate models, and sec-

level and nature of uncertainties, Walker et al. ()

ondly there is an increasing interest in exploring the

deﬁned several uncertainties that should be taken into

impact of different climate policies (Van Vuuren et al.

account in uncertainty analysis, including model context,

a). The newly developed scenarios are called representa-

input, model structure and parameters. Xu et al. () dis-

tive concentration pathways (RCPs), which have provided a

cussed

studying

new basis for climate modeling. Up to now, there have been

hydrological consequences of climate change and pointed

some studies on the assessment of simulation results for the

out that there are large uncertainties in climate scenarios,

different RCPs from the ensemble of Coupled Model Inter-

GCM

hydrologic

comparison Phase Five (CMIP5), and comparison between

models. Previous studies have analyzed the uncertainty

CMIP5 and CMIP3 (Moss et al. ; Knutti & Sedláček

from GCMs, scenarios, hydrological model input and hydro-

). However, only few studies on extreme hydrology

the

output,

challenges

and

downscaling

problems

methods

in

and

logical models (Wilby & Harris ; Chen et al. b),

including quantiﬁcation of all uncertainty sources under

however, only limited studies on the uncertainty of down-

the new RCPs have been carried out.

scaling methods compared to other uncertainty sources

This study investigates the uncertainties in extreme

could be found. In this study, we did not aim to investigate

ﬂows originating from RCPs, GCMs, downscaling method

the uncertainty caused by different downscaling methods.

and hydrologic models. The major objective is to assess

This has been done by several studies (Wilby et al. ;

the impact of climate change on extreme discharges and
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to quantify the uncertainty of extreme ﬂows stemming from

monsoon climate with large inter-seasonal variability in

different sources. The paper is organized as follows. First,

temperature and precipitation. The annual mean precipi-

the study area and the observed data are presented in the fol-

tation from 1953 to 2008 was 1,386 mm. The annual

lowing

GCMs,

maximum discharge at Jinhua station varied between 600

downscaling method and hydrologic models applied in

and 4,900 m3/s in the period 1961–1990. Almost every

this study are described. Then, the results are presented fol-

year ﬂoods occur in summer when typhoons bring much

section.

Subsequently,

the

scenarios,

lowed by the discussion section. Conclusions are drawn are

precipitation, and ﬂoods often cause great property loss

in the ﬁnal section.

and casualties (Tian et al. ).
In this study, observed daily discharge and climate data
from 1981 to 1995 are used to calibrate (1981–1990) and

STUDY AREA AND DATA

validate (1991–1995) the hydrologic models (Table 1). For
the comparison of changes between historical and future

Jinhua River has a drainage area of approximately
2

extreme discharges, monthly climate data in Jinhua River

6,000 km . The Jinhua River basin is a subbasin of Qiantang

basin from three GCMs, namely BCC-CSM1.1, HadGEM2-

River basin which is the largest and most important water

ES and GISS-E2-R, for the period 1961–1990 and 2011–

resource for Zhejiang Province in eastern China. Two

2040 are used as baseline and future climate data to drive

major tributaries, Dongyang River and Wuyi River, form

the hydrologic models. The observed daily climate data

the Jinhua River. The Jinhua River basin has a typical sub-

from 1961 to 1990 are used for the downscaling method.
The discharge station is located at the mouth of the river

Table 1

|

basin and the weather stations are distributed in the river

Information of hydrological and climate data

basin, as shown in Figure 1.
W

W

Stations

Latitude ( N)

Longitude ( E)

Period

Jinhua

29.08

119.62

1961–1995

Discharge
Temperature and precipitation

Figure 1

|

Jinhua

29.08

119.62

1961–1995

Bada

29.20

120.50

1981–1995

Yiwu

29.30

120.07

1981–1995

Yongkang

28.90

120.02

1981–1995

Zhengzhai

28.90

119.63

1981–1995

METHODS
RCPs
The latest emission scenarios called Representative Concentration Pathways were developed to update and expand the
scope of the old scenarios (Moss et al. ; Van Vuuren

Location of the Jinhua River basin and distribution of weather and discharge stations.
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et al. b). The four RCPs (RCP2.6, RCP4.5, RCP6.0 and

and producing local daily climate change scenarios for a

RCP8.5) contain information on emissions, concentrations

single site (Lazzarotto et al. ; Xu et al. ; Calanca

and radioactive forcing, which are used as input for climate

& Semenov ). It has been tested by many researchers

model experiments. RCP2.6 represents a mitigation scenario

and shows generally a good performance in representing

leading to a low forcing level. RCP4.5 and RCP6.5 represent

extreme events (Qian et al. ; Semenov ; Roshan

two medium stabilization scenarios. RCP 8.5 represents a

et al. ).

high baseline emission scenario (Van Vuuren et al. a).

Firstly, the statistical features of the observed weather

These four RCPs cover the full range of radioactive forcing

data (in this study daily precipitation, maximum tempera-

values from 2.6 to 8.5 W/m2 and greenhouse gas emissions

ture and minimum temperature) are determined. Secondly,

in the literature.

the monthly changes in equivalent variables from combinations of the four RCPs and three GCMs were calculated.
At last, the synthetic weather data with the same statistical

GCMs

characteristics are generated on a day-to-day basis. The
The general circulation model is widely used to simulate cli-

simulation of precipitation occurrence in LARS-WG utilizes

mate changes as input for impact assessment studies

a semi-empirical distribution for the length of wet and dry

(Shackley et al. ; Murphy et al. ; Lobell et al.

day series and daily precipitation. For a wet day, the value

). In this study, the GCM outputs are derived from a

of the precipitation is generated from a semi-empirical distri-

multi-model data set of the World Climate Research Pro-

bution of precipitation for the particular month independent

gramme’s Coupled CMIP5. CMIP5 has been carried out

of the length of the wet series and the amount of precipi-

by a broad climate research community and aimed to pro-

tation on a previous day. Daily maximum and minimum

vide a multi-model context for the assessment of the

temperature are regarded as stochastic processes with

uncertainties of emission scenarios, model structures and

daily means and standard deviation conditioned on the

initial conditions. It involves simulations from more than

wet or dry days (Semenov & Barrow ).

20 modeling groups using more than 50 models. To make

Ten sets of 30-year daily meteorological series are pro-

a comparison and analyze the uncertainties of different

duced by varying random seeds which are predeﬁned in

GCMs, three GCMs are selected. These three GCMs are

LARS-WG. Random seeds control the stochastic com-

different in many ways like grids division, boundary con-

ponent of LARS-WG and make it possible to generate a

ditions and atmospheric compositions. The information of

number of various realizations of the weather time series.

the three GCMs BCC-CSM 1.1 (Wu et al. ; Wu ),

These series are used as the input for the hydrological

HadGEM2-ES ( Jones et al. ) and GISS-E2-R applied in

models to study the uncertainty of the downscaling method.

this study is given in Table 2.
Hydrological models
Downscaling method

Three hydrological models are employed to study the uncer-

LARS-WG is a stochastic weather generator which is commonly used for generating long time series of weather data

tainty of model structure in this paper: GR4J, HBV and
Xinanjiang. Xinanjiang model with 15 parameters is the
most complicated model among the three, and GR4J
model with four parameters is the simplest model among

Table 2

|

the three. The inputs of these models are precipitation and

Information about the GCMs in this study

Country

Models

Resolution

China

BCC-CSM1.1

1/3 × 1/3

UK

HadGEM2-ES

1.25 × 1.875

USA

GISS-E2-R

2 × 2.5

W

W

W

W

W

W

Layers

RCPs

40

2.6, 4.5, 6.0, 8.5

38

2.6, 4.5, 6.0, 8.5

40

2.6, 4.5, 6.0, 8.5
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equation is as follows:
PT
[QS (i)  QO (i)]2
NS ¼ 1  Pi¼1
T
 2
i¼1 [QO (i)  QO ]

(1)

consists of four parameters: the maximum capacity of the

where QS is the simulated daily discharge (m3/s), QO is the

production store (X1), the ground water exchange coefﬁ-

observed daily discharge (m3/s), i is the number of the

cient (X2), the 1 day ahead capacity of the routing store

days and T is the total number of the days. The maximum

(X3) and the time base of the unit hydrograph (X4). The

value of NS is 1 which means the simulation matches the

input of the GR4J model is daily precipitation and potential

observation perfectly and the closer to 1 the better it is.

evapotranspiration, and the output of the model is daily
discharge.

The uncertainties from RCPs, GCMs, downscaling
method and hydrologic models are addressed in this study.

The HBV model was developed by the Swedish

The extreme high ﬂows are represented by annual maximum

Meteorological and Hydrological Institute (Bergström

daily discharges. To compare the uncertainty range of each

). There are eight parameters in the HBV model. The

source, the uncertainties in simulated high ﬂows from each

model is composed of a precipitation and snow accumu-

source are assessed individually in this study. The uncertainty

lation routine, a soil moisture routine, a quick runoff

ranges of RCPs are estimated given the average value of

routine, a baseﬂow routine and a transformation function.

design ﬂows for GCMs, hydrologic models and downscaling.

The inputs of the HBV model are daily precipitation and

In a similar way, the uncertainty ranges are estimated for

potential evapotranspiration, and the output is daily dis-

GCMs, hydrological models and downscaling methods. The

charge.

(FC)

design ﬂows with 90% conﬁdence intervals caused by differ-

controls the amount of water contributing to the runoff

ent sources for 10-, 20- and 30-year return periods are

generating routing. The capillary ﬂow from the upper

estimated to analyze the uncertainty from different sources.

The

maximum

soil

moisture

storage

response box to the zone of soil water is described by parameter CFLUX.
The Xinanjiang model was developed by Zhao () for
humid and semi-humid regions. There are 15 parameters in

RESULTS

the Xinanjiang model. It consists of an evapotranspiration
component, a runoff generation component, a runoff pro-

Precipitation and temperature for the baseline and

duction component and a ﬂow routing component. The

future periods

inputs of the Xinanjiang model are daily precipitation and
potential evapotranspiration, and the output is daily

Figure 2 shows the differences of monthly precipitation

discharge.

between the baseline (1961–1990) and future periods
(2011–2040) for four RCPs and three GCMs. It shows that

Calibration and validation of hydrological models

for the same GCM there are different predictions of precipitation in each month under different RCPs. The markers

The parameters of GR4J, HBV and Xinanjiang models are

with the largest increase and decrease of monthly precipi-

calibrated using the historical daily discharges from 1981

tation are ﬁlled with black in Figure 2.

to 1990. The validation period is from 1991 to 1995. The

Uncertainties in precipitation changes due to different

uncertainty of parameters in hydrological models has been

GCMs and climate scenarios not only present different mag-

studied in the previous paper (Xu et al. ). Therefore, in

nitudes of changes, but also different directions of change.

this paper parameter uncertainty of hydrological models is

For BCC-CSM 1.1, there is an increase for most of the

outside the scope. The Nash–Sutcliffe (NS) efﬁciency coefﬁ-

time from May to September, and in October there is a

cient is used as the objective function in this study. The

decrease. Under RCP2.6, RCP4.5 and RCP6.0, the increase
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Changes in monthly mean precipitation between the baseline and future periods.

W

W

of annual mean precipitation is 12 mm, 4 mm and 3 mm,

temperature, which varies from 0.9 C to 2.6 C. Under RCP

respectively. Most of the largest increase for each month is

6.0 the magnitude of increase and decrease for maximum

detected under RCP2.6. For HadGEM2-ES, there is a

temperature is larger than that under other RCPS. For GISS-

decrease in June, July, October and November and an

E2-R the changes of maximum and minimum temperature

increase in August and September. Opposite to the annual

are similar. On average there is a larger increase of the mini-

mean precipitation for BCC-CSM 1.1, the annual mean pre-

mum temperature compared to the maximum temperature.

cipitation decreases under four RCPs and the largest

This is also the case for many areas in the past 50 years (Liu

decrease occurs in RCP4.5 with a 13 mm drop. For GISS-

et al. ; Wang et al. ). The increase of the temperature

E2-R, there is no consistent increase for the four RCPs in

is mainly due to the increase of radiative forcing and green-

each month, and in March, April, August and October the

house gas concentrations under projected scenarios. In

precipitation decreased under all RCPs. The highest increase

January and February the temperature increases most, which

happens in September under RCP8.5 and for RCP4.5 while

indicates a warmer winter, and there is a smaller increase

the largest decreases occur for 6 months out of a year.

with ﬂuctuations in other months. It should be noted that

Figure 3 shows the changes of maximum and minimum

RCP8.5 represents a high-end scenario and RCP 2.6 represents

monthly temperature between the future and baseline periods

a low-end scenario. However, the differences between changes

for three GCMs under four RCPs. The markers with the largest

in temperature for different emission scenarios are less obvious

increase and decrease of monthly maximum and minimum

in the ﬁrst half of the 21st century than in the second half of the

temperature are ﬁlled with black. Both minimum and maxi-

21st century, and therefore in the period 2011–2040 the GCM

mum temperature increases with different ranges for three

uncertainty is more important. As a result, it is possible that the

GCMs under four RCPs except for the maximum temperature

increase of temperature is the largest for other emission scen-

under RCP6.0 for HadGEM2-ES from April to July. For BCC-

arios other than RCP 8.5.

CSM 1.1 there is the largest increase under RCP8.5 for both
maximum temperature and minimum temperature. The

Calibration and validation of hydrologic models

increase for the minimum and maximum temperature varies
W

W

W

W

from 0.3 C to 1.6 C and 0.1 C to 1.7 C respectively. For

The performance of the three models in the period 1981–

HadGEM2-ES there is a larger increase for the minimum

1990 is shown in Figure 4. The NS value during the
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Changes in minimum (left) and maximum (right) temperature between the baseline and future periods.

calibration and validation for the three models are all above

was checked by the Kolmogorov–Smirnov (K-S) statistical

0.88. The highest NS value in the calibration is 0.91 for the

test (Justel et al. ). The distributions of 30 year observed

GR4J and HBV model. The three models perform better or

and 100 year LARS-WG generated annual maximum pre-

equally well in the validation period. The highest NS value is

cipitation in the baseline period is compared (Figure 6).

0.93 for the GR4J model in the validation.

Table 3 shows the L-moment statistics of the compared pre-

Figure 5 shows the simulation of annual maximum dis-

cipitation, which indicates the good performance of

charges by different models from 1961 to 1990. The

simulating annual maximum precipitation by LARS-WG.

annual maximum discharges are ﬁtted by a generalized

H ¼ 0 indicates the K-S test cannot reject the null hypothesis

extreme value (GEV) distribution. For the three models,

that the data follow the same distribution.

there are underestimations and overestimations compared
to the observed annual maximum discharges. There are

Impact of RCPs on the uncertainty ranges of extreme

more uncertainties in simulation of extreme ﬂows than

high ﬂows

mean ﬂows because of the relatively limited number of
observed extreme ﬂow data (Barsugli et al. ).

Figure 7 shows observed extreme high ﬂows in the baseline
period and the extreme high ﬂows under the four RCPs in

Validation of downscaling method

future. The annual maximum discharges are ﬁtted to the
GEV distribution and the parameters in the GEV distri-

Before using LARS-WG to generate future climate data, its

bution

performance in simulating annual maximum precipitation

Estimation method. Compared to the baseline period,

Downloaded from https://iwaponline.com/hr/article-pdf/47/1/61/368765/nh0470061.pdf
by guest
on 17 August 2018

are

estimated

by

the

Maximum

Likelihood

68

Y. Tian et al.

|

Impact of multiple uncertainty sources on high ﬂows under climate change

Hydrology Research

Table 3

|

|

47.1

|

2016

L-moment statistic of observed and simulated annual maximum precipitation

L-mean

L-cv

L-skewness

L-kurtosis

H

Observation

3.72

88.9

4.4

28.9

H¼0

Simulation

3.81

92.7

4.4

28.8

Figure 7

|

Exceedance probability of extreme high ﬂows under different RCPs.

there is a decrease for design high ﬂows under four RCPs.
The differences of high ﬂows between RCP 2.6, RCP4.5,
RCP 6.0 and RCP8.5 are not signiﬁcant, indicating a small
uncertainty range from RCPs.
Figure 4

|

Performance of three hydrological models for 1981–1990.

The degree of uncertainty from other sources under a
speciﬁc RCP is expressed by a 90% conﬁdence interval,
and the 90% conﬁdence intervals for four RCPs are shown
in Figure 8. It is shown that although the differences for
the average annual maximum discharges from four RCPs
are within 100 m3/s, the uncertainty ranges of annual maximum discharges are 2,000–4,000 m3/s. The uncertainty
ranges with 90% conﬁdence interval under RCP4.5 are
larger than those under other climate scenarios with a
10- and 20-year return period. Under RCP8.5 there is a smal-

Figure 5

|

Comparison of simulated extreme high ﬂows from different models and
observations.

ler uncertainty range with 90% conﬁdence interval in
estimating high ﬂows. Comparing Figures 7 and 8, it
should be noted that if considering the uncertainties from
GCMs, hydrologic models and downscaling, the directions
of future discharge changes are variable and there can be
an increase or decrease as shown in Figure 8.
Impact of GCMs on the uncertainty ranges of extreme
high ﬂows
Figure 9 shows the extreme high ﬂows for observations in

Figure 6

|

Empirical cumulative distribution function plots of observed and simulated
annual maximum daily precipitation.
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Extreme high ﬂows with 10-, 20- and 30-year return periods for RCP2.6,
RCP4.5, RCP6.0, RCP8.5.

Figure 10
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Extreme high ﬂows with 10-, 20- and 30-year return periods for BCC-CSM 1.1,
HadGEM2-ES and GISS-E2-R.

seeds resulting in different meteorological series. Figure 11
shows the differences of average extreme high ﬂows due to
different downscaling parameter sets. There would also be a
decrease for the extreme high ﬂows for all cases. The uncertainty ranges of extreme high ﬂows due to the downscaling
method are smaller than those resulting from GCMs, but
larger than those from emission scenarios if compared to
Figures 7 and 9. The uncertainty range is 2,400–3,000 m3/s
Figure 9

|

Exceedance probability of extreme high ﬂows for different GCMs.

for a 20-year return period. Previous studies have assessed
the ability of LARS-WG in reproducing climate data and its

ﬂows would decrease for the three GCMs compared to the
baseline. Generally, the BCC-CSM 1.1 model simulates
larger high ﬂows than HadGEM2-ES and GISS. The GISS
model predicts the smallest high ﬂows. The uncertainty
range of extreme high ﬂows is the largest for HadGEM2ES followed by BCC-CSM 1.1, and GISS-E2-R.

uncertainty by comparing the downscaled monthly mean
and variance of temperature and precipitation with observation (Khan et al. ). This study shows that though
there are differences of the annual maximum discharges for
choosing different parameter sets in downscaling, the directions of change are consistent.

Comparing Figures 7 and 9, the uncertainty ranges of
extreme high ﬂows for the emission scenarios are smaller
than those for the GCMs with corresponding return periods.

Impact of hydrologic models on the uncertainty ranges
of extreme high ﬂows

Considering the other uncertainty sources, i.e. emission
scenarios (Figure 10), downscaling method and hydrologic

Figure 12 shows the extreme high ﬂows for observations in

models, for the HadGEM2-ES model the uncertainty

the baseline period and for the three hydrologic models in

range for a 10 year return period is 1,200–4,300 m3/s and
for the GISS model the uncertainty range is 1,400–
3,100 m3/s. For the BCC-CSM 1.1 model the uncertainty
range is 2,000–4,200 m3/s.
Impact of downscaling parameter on the uncertainty
ranges of extreme high ﬂows
The outputs from three GCMs are downscaled by LARS-WG.
Downscaling is carried out ten times using different random
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Exceedance probability of design high ﬂows for downscaling method.
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and parameters could play an important role in the simulation of high ﬂows. In the HBV model, there are separate
groups of parameters affecting the high ﬂows series and
the total volume balance. For example, a parameter like
MAXBAS, which describes the base of the weighting function, is more identiﬁable during high ﬂow periods and wet
seasons and has little effect on the low ﬂow series. Some
parameters show a higher identiﬁability and play a more
crucial role in representing the predicted stream ﬂow
Figure 12

|

Exceedance probability of extreme high ﬂows for different hydrologic
models.

(Abebe et al. ). These parameters could affect the simulation of annual maximum discharges in the future

the future. Except for the results from the HBV model, the
extreme high ﬂows estimated by the Xinanjiang model and

differently for the HBV model compared to the Xinanjiang
and GR4J models.

GR4J model would substantially decrease. Compared with
Figures 7, 9 and 11, the uncertainty range of extreme high
ﬂows from hydrologic models is larger than from the other
uncertainty sources.
Figure 13 shows that the largest uncertainty range of
high ﬂows is estimated by the HBV model and the smallest
one by the Xinanjiang model. The estimations from the
Xinanjiang model and GR4J model show decreases in the
future, while the estimations from the HBV model show
increases with 100 m3/s for 10- and 20-year return periods.
This is further investigated by comparing the evapotranspiration in the baseline and future period from the three
models. The mean increases for the GR4J model and Xinanjiang model range from 1.4 mm to 3.2 mm and 1.3 mm to
3.3 mm respectively. The mean increase of evapotranspiration from the HBV model ranges from 1.2 to 2.4 mm,
which is smaller than for the other two models. This could
result in a higher simulated discharge than the other two
models. Besides, uncertainties related to the model structure

DISCUSSION
In this study, four emission scenarios (RCP2.6, RCP4.5, RCP
6.0 and RCP 8.5) were applied to estimate high ﬂows in the
near future. The results showed that the uncertainty ranges
of high ﬂows from GCMs were larger than those from emission scenarios. Precipitation and temperature were two
major inputs to drive the hydrologic models. The average
magnitude of the uncertainties of precipitation, maximum
and minimum temperature from GCMs and emission scenarios was calculated and compared in Table 4. The bold
numbers indicated the larger number between GCMs and
emission scenarios. The uncertainties of precipitation, maximum and minimum temperature from the emission
scenarios were smaller than those from GCMs in most
months, especially for precipitation in spring and summer
when heavy rainfall usually occurred and caused ﬂoods.
These uncertainties in precipitation and maximum and
minimum temperature were propagated into the next step
of the modeling process, i.e. simulating the discharges.
Hence a larger uncertainty of discharges from GCMs was
detected than that from emission scenarios.
Model uncertainty was mainly from incomplete and
biased knowledge of the rainfall–runoff processes. Studies
had been carried out on comparing the uncertainty from
different sources in simulating discharges, for instance
input error, parameter uncertainty and model structures

Figure 13

|

Extreme high ﬂows with 10-, 20- and 30-year return periods for GR4J, HBV
and Xinanjiang.
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Average uncertainty ranges of precipitation, maximum and minimum temperature from GCMs and emission scenarios

Jan

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

Precipitation(mm)
RCPs

25

21

27

31

27

23

40

20

32

19

22

20

GCMs

25

22

22

37

38

65

69

51

36

17

47

20

0.7

0.5

1.3

1.4

1.5

1.7

0.9

0.6

0.4

1.0

1.8

1.3

0.9

0.9

1.3

0.9

1.7

1.2

0.8

0.7

1.7

2.3

W

Maximum temperature ( C)
RCPs

1.4

GCMs

1.9
W

Minimum temperature ( C)
RCPs

0.5

0.6

0.3

0.5

0.4

0.7

0.4

0.3

0.5

0.4

0.7

0.8

GCMs

0.9

0.9

1.0

0.7

1.0

0.6

0.6

1.4

1.4

0.9

0.6

1.3

model structures as part of the overall modeling approach

models were applied to assess water resources in Korea.

because the model performance was strongly dependent

The results indicated that GCM structures were the main

on model structure and different model structures could cap-

source of uncertainty for summer and autumn in their

ture different aspects of the catchment response (Butts et al.

study area. Although different results could be obtained

). In this paper, the GR4J model and Xinanjiang model

depending on the methods used and study areas, it should

were more consistent and have a smaller range of uncer-

be noted that there were some consistent results stating

tainty. The HBV model had the largest uncertainty range

that the uncertainties from GCMs were large. In this

and was likely to be more dependent on the input data.

paper, not only the uncertainties from GCMs were notice-

Uncertainty ranges of the high ﬂows due to different sources

able but also the hydrologic models were found with large

were compared and the results showed that the uncertainty

uncertainties. It was crucial to improve the performance of

from hydrologic models were the largest compared to

GCMs and hydrological models to reduce the uncertainty

GCMs, emission scenarios and the downscaling method,

in precipitation and river discharge simulation, particularly

which also conﬁrmed the point that the uncertainty from

high ﬂow simulation, in climate change impact studies.

the hydrological model structure was important and
should not be ignored.

It was widely acknowledged that the projection of future
high ﬂows was important for risk assessment and ﬂood pre-

In this study, a limited number of GCMs and hydrologic

vention. In this case, the Jinhua River basin was located in

models were applied. It was possible that if more GCMs and

the upper reaches of the Qiantang River basin and there

hydrologic models were used, the uncertainty ranges from

was relatively less effect from human activities compared

both might change. Besides, it should be noted that the

to lower reaches. However, it was also crucial to consider

small uncertainty range from emission scenarios was

the impact of human activities on the changes of river

obtained based on the near future period. It was consistent

ﬂows. There were many studies on separating the effects of

with the fact that the differences of the RCP emission scen-

climate variability and human activities (e.g. Zhang et al.

arios were small in the beginning and became larger in the

, , ). The assessment of the contribution of

second half the 21st century. In Prudhomme’s ()

each factor to changes in high ﬂows would be investigated

study, seven GCMs and four scenarios were applied to esti-

in future study.

mate the ﬂoods in UK catchments. Results showed that

In the meantime, considering the large uncertainty exist-

there was more uncertainty due to the different GCMs

ing in climate change impact analysis, quantiﬁcation of

than to the emission scenarios, which was in agreement

uncertainties from different sources was important to ident-

with the result in this paper. In Bae’s () study, 13

ify the major uncertainty sources and analyze the possible

GCMs, three emission scenarios and three hydrological

impacts of each uncertainty source on future discharges.
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To be supportive for policy makers to make robust and resi-

those by the GR4J and Xinanjiang models. The changes of

lient decisions under climate change, it would be more

average annual maximum discharges were inconsistent,

reliable and wholesome if more aspects about uncertainty

but considering the uncertainty ranges, both the magnitudes

were involved and we would like to explore it in the next

and directions of changes would be uncertain. However, the

step.

results show that there would be a larger possibility that
extreme high ﬂows would decrease, which could indicate
a release of pressure on ﬂood prevention. For emission scen-

CONCLUSIONS

arios, RCP8.5 showed the smallest uncertainty compared to
other emission scenarios.

The uncertainty assessment of high ﬂows due to different
uncertainty sources under climate change has been carried
out for the Jinhua River basin, eastern China. The climate
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The results indicated that the uncertainties in precipitation were present in terms of not only the different
ranges of changes, but also the directions of change. For
the minimum temperature, increases all year round in the
future period were found and for the maximum temperature
increases were estimated in most cases except for the GISSE2-R model under RCP 6.0 from April to July. Annual maximum discharges were expected to decrease under four
emission scenarios in the near future compared to the baseline period. The magnitudes of decrease of high ﬂows were
directly related to the choice of different hydrological
models and the RCPs.
Among different uncertainty sources, the analysis
showed that hydrologic models and GCMs presented
larger uncertainty ranges than parameter sets in downscaling methods and emission scenarios. There was a
larger

uncertainty

range

in

high

ﬂows

from

the

HadGEM2-ES model than that from GISS-E2-R and BCCCSM 1.1. For hydrologic models, the uncertainty ranges of
high ﬂows simulated by the HBV model were larger than
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