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ABSTRACT. The changing climate has a profound impact on the hydrological cycle and water balance, complicating water resources
management. General circulation models (GCMs) and downscaling methods have been widely employed to reflect and quantify climate
change effects in hydrological studies. The uncertainties associated with GCMs, downscaling methods, and hydrological modeling mutu-
ally interact, significantly amplifying the complexity of uncertainty analysis. To address this challenge, we proposed the Integrated simu-
lation-based evaluation system for uncertainty propagation analysis (ISES-UPA) method, specifically designed to assess the uncertainty
propagation effect from statistical downscaling and hydrological modeling. This study aims to utilize ISES-UPA to inves-tigate the ef-
fects and contributions of different uncertainty components to the total uncertainty in hydrological modeling under changing climatic
conditions. Successfully applied to a real case study in Sichuan, China, the results reveal that the total propagated uncertainty significantly
surpasses the simple addition of other sources (e.g., about 2.15 times from statistical downscaling and about 4.44 times from hydrological
modeling on average). By using ISES-UPA, individual and combined uncertainties from statistical downscaling and hydrological model-
ing can be compared and quantified, thereby enhancing the reliability of hydrological studies under changing climate conditions.
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1. Introduction

The increasing concentration of greenhouse gas emissions
is widely recognized as the primary catalyst for climate change.
Extensive human activities, mainly including the burning of fos-
sil fuels and changes in land cover and use, are major contribu-
tors to the increase in greenhouse gas emissions (Wu and Chen,
2014; Tian et al., 2020). The Intergovernmental Panel on Cli-
mate Change (IPCC) claimed that climate change had consid-
erable impacts on water basins and regions due to changes in
air temperatures and precipitation (IPCC, 2007; Chen and Niu,
2020). Consequently, researchers have increasingly turned their
attention to hydrological studies under changing climate condi-
tions to quantify the impacts of climate change.

Hydrological models are crucial in understanding hydro-
logical processes and making hydrological predictions for dif-
ferent purposes (Lindenschmidt and Rokaya, 2019; Chen et al.,
2011). A large number of hydrological models have been de-
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veloped and applied to a variety of areas, such as flood control
(Luetal., 2019; Dong et al., 2020; Anteneh et al., 2023), water
resources management (Rodriguez et al., 2019; Yang et al., 2022),
water quality control (Shrestha and Wang, 2020; Zhang et al.,
2021; Bui and Pham, 2023), and climate change studies (Dang
etal., 2020; Mei et al., 2021). Among different hydrological mod-
els, distributed hydrological models have advantages in captur-
ing the spatial variability of watersheds. However, their appli-
cations are usually constrained due to the need for high-reso-
lution distributed variables and inputs and the high demand for
computational capacity (Lucas-Picher et al., 2020). To ensure the
reliability and accuracy of hydrological modeling, proper model
calibration and uncertainty analysis need to be carefully conducted.

Due to the complexity of distributed hydrological models,
uncertainty analysis is always challenging in simulation and pre-
diction (Jing et al., 2017). The sources of uncertainty and clas-
sification of uncertainty have been discussed in multiple liter-
ature for hydrological studies (Warmink et al., 2010; Bosshard
et al., 2013; Wu et al., 2013; McMillan et al., 2018). As one of
the most critical uncertainty sources, climate input data (e.g.,
precipitation and temperature) required by hydrological models
introduce additional uncertainties to the simulation system, es-
pecially when considering the effect of climate change (Li et
al., 2018). As the climate is a highly non-linear natural system,
predicting climate scenarios inevitably involves different sources
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of uncertainty (Chaudhuri and Srivastava, 2017). When account-
ing for the impacts of climate change, the difficulties and com-
plexities of uncertainty quantification are further magnified when
climate data are incorporated as inputs for hydrological models.

General circulation models (GCMs) have been developed
and utilized to simulate the physical processes to estimate the
impacts of the continuously increasing greenhouse gas concen-
tration in the atmosphere on future climate change (DeFries et
al., 2023). As mathematical representations, GCMs are widely
used for various modeling purposes to reflect future climate fea-
tures. However, the output of GCMs cannot be directly used as
the input to regional hydrological models due to the mismatch
of the spatial resolution. Previous studies have demonstrated that
using the coarse-resolution GCM outputs for regional hydrolog-
ical cases yielded unrealistic hydrological results with bias (Wu
et al., 2017). Accordingly, downscaling methods have been de-
veloped to address the spatial and temporal resolution mismatch,
enabling appropriate representations of GCMs outputs in hydro-
logical modeling studies (Nourani et al., 2019). Nonetheless, dif-
ferent sources of uncertainty were involved while downscaling
GCMs outputs and different types of uncertainty (e.g., parame-
ter uncertainty model structure uncertainty) during hydrologi-
cal modelling. Adding to the system will increase the complex-
ity. It is known that different uncertainty sources enforced the
total uncertainty hard to be quantified in a hydrological model-
ing study when employing downscaled GCMs results. Several
previous attempts have been made to evaluate uncertainty asso-
ciated with climate change and hydrological modeling: Maurya
etal. (2023) assessed the performance of six GCMs models and
coupled GCMs with the SWAT model to forecast future aver-
age monthly and annual streamflow for investigating the impact
of climate change on Mahi River Basin. Miao et al. (2023) con-
ducted a study to evaluate the runoff changes using outputs of
Coupled Model Intercomparison Projects (CMIPs) and decom-
pose the uncertainty from three main sources: internal variabil-
ity, model uncertainty, and scenario uncertainty. The effect of
different uncertainty sources has been evaluated and the results
indicate model uncertainty is the major source of uncertainty
for CMIPs, spatially. Fallah and Orth (2020) presented a study
investigating uncertainty propagates from precipitation data sets
into hydrological modeling. The results revealed a strong depen-
dency of simulated runoff on precipitation accuracy, particular-
ly in wet regions. Rakhimova et al. (2020) utilized a multi-mod-
el ensemble of six GCMs to assess spatio-temporal variations
in precipitation and temperature under representative concen-
tration pathways for future periods. Trolle et al. (2019) identi-
fied and ranked uncertainty sources on the future aquatic ecosys-
tems with multiple climate models, land use scenarios and eco-
hydrological models. Her et al. (2019) demonstrated the uncer-
tainties in the hydrological analysis of climate changes by mul-
tiple climate models and multi-parameter ensemble models. Shar-
ma et al. (2018) assessed uncertainties of hydro-climate variables
in India considering multiple downscaling techniques, GCMs
and their combined effects. Vetter et al. (2017) evaluated the un-
certainty sources in projected hydrological changes in 12 large-
scale river basins under changing climate conditions. Krysano-
va et al. (2017) compared the impacts of climate change with 9
hydrological models for 12 river basins and quantified the un-
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certainty sources. Van Beusekom et al. (2016) evaluated uncer-
tainties arising from GCMs and their effects on water resources
in a tropical island system using ten downscaled GCMs under
two greenhouse gas emission scenarios.

As shown above, some previous studies have investigated
the impacts of uncertainty arising from various GCMs, emission
scenarios, downscaling methods, land-use development, and hy-
drological models. However, most of these studies’ primarily
focus on analyzing the future projections of climate and hydro-
logical conditions along with their associated uncertainties (Ben-
nett et al., 2012; Shen et al., 2018; Jin et al., 2019; Wu et al.,
2019; Zhu et al., 2019). Understanding and quantifying the con-
tributions of various sources of uncertainty is both meaningful
and challenging. Upon reviewing the previous studies and other
related literature, it becomes evident that assessing the contri-
butions of uncertainties from various sources within an integrat-
ed framework is necessary and useful for understanding uncer-
tainty propagation. However, limited studies have proposed re-
liable procedures to decompose total uncertainty into various
components (Ahmadalipour et al., 2018). Previously, we con-
ducted a study to assess the uncertainty propagation effect from
statistical downscaling to hydrological modeling, concentrating
solely on the single uncertainty source - statistical downscaling
(Wu et al., 2019). To further improve the understanding of uncer-
tainty propagation effect, in this study, uncertainty from hydro-
logical modeling has been incorporated and combined with un-
certainty from statistical downscaling, significantly increasing
the complexity. Therefore, it is essential to develop an approach
that can facilitate a scientific comparison and evaluation of the
impacts of uncertainty propagation stemming from various uncer-
tainty components. We propose the integrated simulation-based
evaluation system for uncertainty propagation analysis (ISES-
UPA) method for solving these challenges. The major contribu-
tion of this study lies in decomposing the contribution of differ-
ent uncertainty components to total uncertainty and quantitative-
ly evaluating the uncertainty propagation effect under changing
climatic conditions. A real case study in the upstream of the Wen-
jing River watershed in Sichuan, China, was conducted to demon-
strate the feasibility of the proposed method. The result analysis
and contributions of different uncertainty sources were further
evaluated and discussed.

2. Methodology

This research introduces the integrated simulation-based
evaluation system for uncertainty propagation analysis (ISES-
UPA) to quantify the effects of different uncertainty components
on the total propagated uncertainty arising from statistical down-
scaling. The study begins by quantifying the uncertainty associ-
ated with statistical downscaling and hydrological modeling
separately. Subsequently, these two sources of uncertainty are
combined during new hydrological simulations for investigat-
ing the total propagated uncertainty. Then, the contributions of
different uncertainty components are further evaluated through
the proposed ISES-UPA method. The framework of the proposed
method is shown in Figure 1, and the significant steps/compo-
nents are described in the following sections.
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Figure 1. The flowchart for evaluating the propagated uncertainty effects from hydrological modeling and statistical downscaling.

2.1. Study Area GCM Selection

GCMs were developed and considered to be able to pro-
vide credible predictions and projections for climate changes
over the next 100 years (Sa’adi et al., 2020). Through downscal-
ing processes, the large-scale GCM outputs can be downscaled
to the local scale for the use of hydrological models for predic-
tion purposes. Currently, there are many GCMs available. In the
first step for real case studies, suitable GCMs should be consi-
dered for the specific study area. Due to the accessibility or avail-
ability of data, only several GCMs are useful/suitable for certain
areas. Different models can be selected according to different
simulation purposes as well. The A2 scenario family illustrates
a diverse world with a growing global population characterized
by unbalanced and regionally focused economic development.
Notably, the A2 family is the only scenario projecting net Anthro-
pogenic CO, emissions through 2100. Given data availability and
the A2 scenario's representation of extreme changes in precipita-
tion and temperatures by the century's end (considered as the
worst-case scenario), the Hadley Centre Coupled Model 3 (Had-
CM3) for A2 scenario (H3A2a) was selected for downscaling
in this study (Nakicenovic et al., 2000; Gudmundsson, 2012; Sama-
dietal., 2012; Wu et al., 2019).

2.2. Statistical Downscaling (SDSM)

Traditionally, downscaling methods have been classified in-
to two major categories: dynamic downscaling and statistical
downscaling. Due to high computational demand and cost, dy-
namic downscaling methods are available for limited areas and
studies (Chadwick et al., 2011; Dai et al., 2020; Tapiador et al.,
2020). Statistical downscaling is more suitable for the studies of
climate change impacts due to its straightforward design method-
ology, computational ease and ability to produce synthetic datasets
of any desired length (Chadwick et al., 2011). Different from
dynamic downscaling, the statistical downscaling methods are

based on a statistical relationship between the large-scale predic-
tor variables and local scale predictants. The statistical downscal-
ing methods mainly include three types of methods: weather gen-
erator, transfer function and weather typing (Chen et al., 2012;
Sharma et al., 2018). This study used the statistical downscal-
ing model (SDSM) for downscaling. SDSM, developed by Rob
Wilby and Christian Dawson in the UK, was one of the most pop-
ular statistical downscaling tools and can be best described as
a hybrid of the stochastic weather generator and transfer func-
tion method (Hassan et al., 2013). The National Centers for En-
vironmental Prediction (NCEP) reanalysis data was used to es-
tablish the statistical relationship between large-scale predictors
and local scale predictands and calibrate the downscaling param-
eters. The calibrated downscaling parameters can be used for a
scenario generator to produce different ensembles. The ensem-
bles generated from SDSM can be considered as the uncertain-
ty during statistical downscaling. Usually, the precipitation has
a more significant impact on the surface runoff comparing tem-
perature. Therefore, multiple ensembles (e.g., 20 ensembles) of
precipitation and one ensemble of temperature were generated
from H3A2a outputs for uncertainty analysis of downscaling re-
sults in this case.

2.3. Hydrological Modeling

In order to evaluate the propagated uncertainty effects, the
well-behavioral hydrological modeling for the study area needs
to be delivered first. The soil and water assessment tool (SWAT)
model (Arnold et al., 1998), developed by the United States De-
partment of Agriculture (USDA) Agricultural Research Service
(ARS), was selected for surface runoff simulation in this study.
SWAT requires specific information about weather, soil proper-
ties, topography, vegetation, and land management practices and
is a physically based distributed model that operates on a daily
time step for an ungauged watershed (Winchell et al., 2009). Af-
ter the preparation required data inputs for SWAT and specific
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procedures for the calibration and validation, the hydrological
model for certain study areas can be established. The case study
was conducted by using the previous hydrological modeling case
for the upstream of the Wenjing River watershed (Wu and Chen,
2015), and the calibrated model is considered as the well-ex-
pressed behavior model in this study.

2.4. Uncertainty Analysis
2.4.1. Indicators for Uncertainty Evaluation

The 95% prediction uncertainty (95PPU) was used to quan-
tify and reflect surface runoff uncertainty. P-factor is used to quan-
tify the degree of all uncertainties considered and is defined as
the percentage of observed data bracketed the 95PPU. The R-
factor is the measurement for evaluating the performance of un-
certainty analysis and is obtained by the average distance of un-
certainty bands divided by the standard deviation of the observed
data. The larger P-factors are, the more observed data will fall
in the 95PPU, demonstrating a high-fitted simulation performance;
the smaller R-factors are, the narrower uncertainty bands (95PPU)
will demonstrate less uncertainty. Therefore, simulations with rel-
atively larger P-factor values and smaller R-factor values simul-
taneously are desired results. The P-factor and R-factor are cal-
culated using the following equations (Abbaspour et al., 2007,
Abbaspour, 2011; Xue et al., 2014; Wu and Chen, 2015):
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where N is the total number of observed values, ng;, is the num-
ber of the observed data bracketed by 95PPU, o is the standard
deviation of the observed variable x, d_ is the average distance of
the uncertainty band, / is a counter, & is the number of observed
data for variable x, xy and x; is the upper and lower limit of the
uncertainty band, respectively.

2.4.2. Uncertainty from Statistical Downscaling

In the real case study, using the statistical downscaled pre-
cipitation and temperature as the inputs of the SWAT model, a
well-calibrated hydrological model was used to quantify the un-
certainty propagated from statistical downscaling. Because the
uncertainty from hydrological modeling was controlled by the
optimized parameter set which achieves the largest NSE value
from authors’ previous study (Wu and Chen, 2015), the uncer-
tainty generated from the application of different down-scaled
ensembles can be considered as the uncertainty during applying
the statistical downscaling method (SDSM). In this case, 20 down-
scaled precipitation ensembles can produce 20 simulations for
surface runoff. After that, the NSE for the best simulation, 95PPU,
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P-factor, and R-factor can be calculated. The uncertainty eval-
uated in this step only comes from statistical downscaling.

2.4.3. Uncertainty from Hydrological Modeling

To avoid involving more uncertainties from hydrological
modeling, the hydrological model was first calibrated using the
sequential uncertainty fitting algorithm (SUFI-2) for two itera-
tions. After two iterations using SUFI-2, all the parameter ranges
have been reduced and adjusted to the optimal values. To com-
prehensively reflect the uncertainties of hydrological modeling,
the 1,000 parameter sets sampled from parameter ranges in the
third iteration of SUFI-2 using the Latin Hypercube Sampling
(LHS) method were applied to simulate the surface runoff. While
using observed meteorological data as input of the SWAT mod-
el, the 1,000 parameter sets can produce 1,000 surface runoff sim-
ulations. The associated NSE for the best simulation, 95PPU, P-
factor, and R-factor can be calculated and considered as uncer-
tainty from hydrological modeling only.

2.4.4. Total Uncertainty for Hydrological Modeling and
Statistical Downscaling

To evaluate the propagated uncertainty effects during sta-
tistical downscaling, the total uncertainty, which includes the un-
certainty from hydrological modeling and statistical downscal-
ing in this study, was estimated. Precipitation is widely recognized
as a key component of the hydrological cycle, exerting dominant
effects on surface runoff (Tofiq and Guven, 2014; Berghuijs et
al., 2017; Cheng et al., 2019; Ekwueme, 2022). After some trial
studies and simulations, we have determined that the precipita-
tion is far more sensitive than temperature to surface runoff in
our case study. Therefore, as a preliminary attempt, we assume
the uncertainty resulting from small variations in downscaled tem-
peratures on surface runoff can be ignored, and we only focus
on analyzing the uncertainty arising from variations in down-
scaled precipitation in this study. Consequently, only precipita-
tion data has been down-scaled to different ensembles for un-
certainty evaluation. The 20 ensembles of downscaled precipi-
tation data and the downscaled mean maximum and minimum
daily temperature were inputs for the SWAT model. The surface
runoff simulation was conducted using different downscaled en-
sembles input combined with the 1,000 parameter sets generat-
ed from parameter ranges in the third iteration of SUFI-2 to eval-
uate the uncertainty propagation effects. Totally 20,000 simula-
tions for surface runoff were done with the combinations of un-
certainties from two sources. The best simulation for surface runoff
and associated uncertainty indicators can be estimated afterwards.

3. Case Study

The proposed method was implemented in a real case
study located on the upper reaches of the Wenjing River water-
shed with a drainage area equal to 653 km? located in Sichuan
Province in western China (shown in Figure 2). The study area
is about 25 km east of Chengdu, the capital city of Sichuan
Province. The watershed was delineated and divided into 61
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sub-watersheds and 622 hydrologic response units (HRUs) us-
ing a 30 m resolution digital elevation model (DEM). The an-
nual mean temperature is 15.9 °C, and the annual sunshine du-
ration is 1,161.5 h. The report showed that the average annual pre-
cipitation is 1,012.4 mm (IWHR, 2005). The monthly streamflow
data were available in the Yuantong station (the red dot in the
watershed map in Figure 2), which is the outlet of the research
watershed. The Wenjing River Watershed was selected as the study
area due to its critical role as one of the primary water supplies
for Chengdu (the capital and the most populous city in Sichuan
province) and as an important water resource for irrigation in
the downstream area. Managing water resources, particularly en-
suring water safety, is of utmost importance for Chengdu. More-
over, the Wenjing River Watershed offers a naturally preserved
environment with minimal human activities and artificial chan-
nels, making it an ideal setting for better performance of the hy-
drological simulation. Therefore, there has been increasing in-
terest in conducting water resources management in this area
(Wu and Chen, 2015).

4. Results and Discussion

4.1. Statistical Downscaling

As one of the most popular statistical downscaling tools,
the SDSM model was selected for downscaling the precipita-
tion and temperature data for this study. The NCEP reanalysis
data were first applied to screen the sensitive predictor varia-
bles, and H3A2a data were applied later to obtain the downscaled
ensembles for using hydrological runoff simulation to quantify
the associated uncertainty. Twenty-six daily predictor variables
for NCEP and H3A2a were considered. The definitions of each
predictor variable are shown in Table 1. After the screening pro-

Reach

+ =

Figure 2. The location of the upstream of the Wenjing watershed.

Basin

cess in SDSM, ten important and sensitive predictor variables
were selected in NCEP data; and these predictor variables were
used to calibrate precipitation. Similarly, seven sensitive predic-
tor variables of maximum daily temperature and five sensitive
predictor variables of minimum temperature were screened, re-
spectively. All the selected predictor variables for three differ-
ent downscaling purposes are listed in Table 1. These predictor
variables were used to generate the parameters for the regres-
sion model between daily weather data and regional-scale atmo-
spheric variables in SDSM.

The observed precipitation and temperature data from 1980
to 2009 were obtained from the local meteorological department
of the study area. However, the available NCEP reanalysis data
was from 1961 to 2001, when the experiment was conducted.
Therefore, due to the limitation of data availability, the 20-year
data from 1981 to 2000 were divided into the calibration (1981
~ 1995) and validation (1996 ~ 2000) period during downscaling.
Figures 3(A) and 3(B) show the monthly mean downscaled pre-
cipitation using the NCEP reanalysis data and observed precipi-
tation in the calibration and validation periods, respectively. Even
though the overestimates for July and May in the validation were
noticeable, the R? value showed acceptable results for the simu-
lation. The R? value for downscaled monthly mean precipitation
was 0.986 in the calibration period and 0.848 in the validation
period, respectively. The seasonal precipitation results for the cal-
ibration and validation periods are shown in Figure 3(C) and 3(D).
The long-term simulation results performed better than the month-
ly mean results. Although there were some overestimations in Ju-
ly for monthly mean precipitation for both the calibration and
validation periods, the seasonal precipitation results were more
balanced and well simulated.

After calibration and validation of downscaled precipita-
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Figure 3. Monthly and seasonal means of observed and downscaled precipitations in the calibration (1981 ~ 1995) and validation
(1996 ~ 2000) periods.

tion using the NCEP reanalysis data, due to the well-performed
R?values, the H3A2a outputs can be downscaled using the re-
gression parameters obtained from NCEP reanalysis data down-
scaling. In order to evaluate the uncertainty of precipitation, 20
synthetic ensembles were generated by using the H3A2a out-
puts in SDSM. The downscaled precipitation results were com-
pared with observed data from 1981 to 1995, corresponding to
the calibration period of the NCEP reanalysis data downscaling
shown in Figure 4(A). The monthly mean of downscaled preci-
pitation using the mean of 20 ensembles generated from H3A2a
can achieve R* value of 0.760.

To investigate the uncertainty for the study period, the H3A2a
outputs were downscaled for the same calibration and valida-
tion periods of the hydrological modeling study. According to
available observed runoff data for hydrological simulation, five-
year downscaled precipitation data (from 1998 ~ 2002) were com-
pared with observed data. The 20 precipitation ensembles were
used as input for the hydrological simulation using optimized pa-
rameter sets (which achieved the greatest NSE value using the
observed meteorological data). The ensemble with the greatest
NSE value of 0.67 for surface runoff simulation in SWAT can
be viewed as the best-downscaled precipitation ensemble.

Figure 4(B) shows the observed and downscaled daily pre-
cipitation using the best-downscaled precipitation ensemble from
H3A2a outputs. The precipitation downscaling was necessarily
more problematic than temperature, especially for downscaling
for the daily step. Typically, the precipitation was relatively poor-
ly related to regional-scale predictors because both occurrence
and amount needed to be specified, which were not suitable to
be represented by constant relationships (Wilby et al., 2002). There-
fore, the downscaling precipitation generally cannot achieve ex-
cellent results for most studies. Because the continuous surface
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runoff simulations were the desired results, the downscaled re-
sults, which can match observed data best for long-term periods,
are expected. The downscaled monthly mean precipitation was
calculated and applied for further analysis.
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Figure 4. Observed and downscaled monthly mean and daily
precipitations using the H3A2a model outputs.

Figure 5 shows the downscaled precipitation using the mean
of 20 ensembles, the best-downscaled precipitation ensemble
and observed precipitation. When using the mean of 20 ensem-
bles and the best-downscaled precipitation ensemble from the
3A2a outputs, the R? values for monthly mean precipitation
were 0.508 and 0.794, respectively. The overestimation in July
and the underestimation in August remained the simulation from
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Table 1. The Full List of Predictor Variables and Selected Predictor Variables for Precipitation and Temperature

Presiictor Definition Scr§ened Pred?ct.or . Daily Maximum Daily Minimum
Variable Variables Precipitation Temperature Temperature
ncepmslpas Mean Sea Level Pressure

ncepp_fas Surface Airflow Strength

ncepp_uas Surface Zonal Velocity

ncepp_vas Surface Meridional Velocity

ncepp_zas Surface Vorticity

ncepp_thas Surface Wind Direction Selected

ncepp_zhas Surface Divergence Selected Selected

ncepp5_fas 500 hpa Airflow Strength Selected

ncepp5_uas 500 hpa Zonal Velocity Selected Selected
nceppS_vas 500 hpa Meridional Velocity

nceppS_zas 500 hpa Vorticity Selected

nceppSthas 500 hpa Wind Direction

nceppSzhas 500 hpa Divergence Selected Selected

ncepp8_fas 850 hpa Airflow Strength Selected

ncepp8_uas 850 hpa Zonal Velocity Selected

ncepp8_vas 850 hpa Meridional Velocity

ncepp8_zas 850 hpa Vorticity Selected
ncepp8thas 850 hpa Wind Direction

ncepp8zhas 850 hpa Divergence Selected

nceppS500as 500 hpa Geopotential Height Selected Selected Selected
ncepp850as 850 hpa Geopotential Height

ncepr500as Relative Humidity at 500 hPa

ncepr850as Relative Humidity at 850 hPa Selected

nceprhumas Near Surface Relative humidity

ncepshumas Surface Specific Humidity Selected Selected Selected
nceptempas Mean Temperature at 2 m Selected Selected

[hS]
o

Observed data

=%
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-
o
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o

® Downscaled data using the mean of 20 ensembles
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Figure 5. Monthly mean of observed, best downscaled, and mean of 20 downscaled ensembles precipitations using the H3A2a
outputs from 1998 to 2002.

1981 to 1995, leading to the relatively low R? value. Even though
the downscaled precipitation in July and August performed poor-
ly, the downscaled results with the highest R? value for the long
term (e.g., the year 1998 ~ 2002) were selected as desired re-
sults. To be noticed, if event-based hydrological models were
used for hydrological simulations, seasonal or monthly down-
scaling and optimization may achieve better results for short-
term simulation. In this study, although there were some overes-
timations in July and some underestimations in August for both
the calibration and validation periods, the results can still be ap-
lied to hydrological modeling due to the reasonable R? values

and simulation requirement for monthly runoff.

Similarly, the maximum and minimum daily temperature
data were downscaled using the same procedures. The NCEP re-
analysis data were first used for screening parameters and cali-
bration. The screened predictor variables for daily maximum and
minimum temperatures were shown in Table 1. To better match
the period of precipitation data as the input for the hydrological
model, the temperature data was downscaled for the same peri-
od of downscaled precipitation. Based on the historical observed
climate data, no extreme weather conditions or temperature anoma-
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lies were recorded during the simulated years in the study area.
As mentioned earlier, given that small variations in temperature
have limited effects on surface runoff, uncertainty from temper-
ature will not be assessed in this study (however, we acknowl-
edge that if temperature variations are too great or if many ex-
treme events occur in the study areas, temperature uncertainty
should be considered for more reliable results). Therefore, the
mean of 20 temperature ensembles was used for the following
analysis in this study.
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Figure 6. Monthly mean of observed and downscaled daily
maximum and minimum temperature using the NCEP
reanalysis data for (A) the calibration period (1981 ~ 1995)
and (B) validation period (1996 ~ 2000), and (C) using the
H3A2a outputs (1998 ~2002).

Figure 6(A) shows the monthly mean of observed and down-
scaled daily maximum and minimum temperature using NCEP
reanalysis data from 1981 ~ 1995. The R? values for the month-
ly mean of daily maximum and minimum temperatures were 0.996
and 0.998 in the calibration period, respectively. For the valida-
tion period (from 1996 ~ 2000), the R? values of the monthly
mean of daily maximum and minimum temperatures were 0.989
and 0.996, respectively, shown in Figure 6(B). As seen in Fig-
ure 6(A) and 6 (B), the monthly mean downscaled maximum
and minimum temperatures matched the observed results well
in both calibration and validation periods, indicating excellent
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downscaling performance for temperature by using SDSM. The
H3A2a outputs were then applied to the calibrated regression
parameters for downscaling.

Figure 7 shows the observed and downscaled daily max-
imum and minimum temperatures for the same calibration and
validation period of hydrological modeling (1998 ~2002). The
trends of observed and downscaled daily maximum and mini-
mum temperatures were close and similar, although they need
to match well for the daily step. If the performance of long-
term simulation is the main interest, the temperature downscal-
ing simulation performs well for the study period. Figure 6(C)
shows the monthly mean of the observed and downscaled dai-
ly maximum and minimum temperature using H3A2a. The R?
values for the monthly mean of daily maximum and minimum
temperatures were 0.987 and 0.991, respectively, indicating the
outstanding downscaling performance for temperatures in 1998
~2002.

After downscaling the precipitation and temperature, two
vital meteorological inputs of the SWAT model were prepared
for hydrological simulations. As the precipitation had the dom-
inant effect on surface runoff, 20 downscaled ensembles for pre-
cipitation were applied to the SWAT model for uncertainty anal-
ysis by evaluating the surface runoff simulation. As mentioned
previously, due to small variations in temperature during the study
periods, the uncertainty of the temperature was not considered
in this study. The means of 20 downscaled ensembles' daily max-
imum and minimum temperatures were used as the temperature
inputs of the SWAT model.

4.2. Hydrological Modeling

The SWAT model was first calibrated and validated using
observed meteorological data for the study area. Our previous
studies determined the most influential parameters through care-
ful parameterization and calibration using the proposed multicri-
teria sequential calibration and uncertainty analysis (MS-CUA)
method. The original parameters were selected according to the
guidelines outlined in the SWAT manual and relevant literature.
By using SUFI-2 and the proposed MS-CUA method, we deter-
mined the sensitivity of each parameter and removed insensi-
tive parameters. After four iterations of MS-CUA, the param-
eter sets were optimized to achieve the best simulation perfor-
mance. Moreover, the dramatically reduced parameter ranges
can lead to a reduction in prediction uncertainties, increasing
the reliability of simulation results. Since the simulations using
the downscaled outputs were conducted during the same period
as previous hydrological studies, the optimized parameter sets
should remain valid for simulations using different meteoro-
logical inputs. Therefore, in this study, the key parameters are
screened and selected based on the outcomes of previous stud-
ies (Wu and Chen, 2015; Wu et al., 2021).

The best simulation using observed meteorological data can
achieve the NSE of 0.77 and R? of 0.80 for the calibration peri-
od and NSE of 0.74 and R? of 0.87 for the validation period for
surface runoff simulation after three iterations using SUFI-2
(Wu and Chen, 2015). The parameter set of the best simulation
can be viewed as the optimized parameter set. The exact values
for each optimized parameter have been shown in Table 2. By
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Figure 7. Observed and downscaled daily maximum and minimum temperature using the H3A2a outputs from 1998 to 2002.
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Figure 8. The hydrograph of the observed runoff, best simulation using observed meteorological and the downscaled
H3A2a outputs.

using the optimized parameter set, all uncertainty during hydro-
logical modeling has been fixed. If the uncertainty from differ-
ent ensembles of meteorological data was involved, the uncer-
tainty reflected by surface runoff should come from meteorolog-
ical input data (which arise from statistical downscaling of the
H3A2a outputs).

Table 2. The Exact Values of the Optimized Parameter Set

Parameters Change Type Optimized Parameter Values
CN2 r —0.258
ALPHA_BF v 0.816
GW_DELAY v 63.973
GWQMN v 136.943
ESCO v 0.987
CH K v 38.403
ALPHA BNK v 0.943
SOL_AWC T —0.165
SFTMP v 5.169
GW_REVAP v 0.022
RCHRG_DP v 0.032

Note: “v”- replacing the existing parameter value; “r”- multiplying (1 + a
given value) to the existing parameter value.

In comparing the simulation results and the calibrated run-
off simulation results, the calibration period for hydrological
modeling was selected as the study period from 1998 ~ 2000
for the uncertainty analysis. Figure 8 shows the hydrograph of
the observed surface runoff, the best simulation after calibra-
tion using observed meteorological data and the best simulation
using downscaled H3A2a outputs with optimized parameter sets
of the SWAT model. The best surface runoff simulation using
observed meteorological data after calibration can achieve the
NSE of 0.77 and R? of 0.80. The simulation using best-down-
scaled H3A2a outputs can reach the NSE of 0.67 and R? of 0.73.

4.3. Uncertainty Analysis

During the hydrological simulations, each iteration includ-
ed 1,000 sets for 11 parameters when conducting calibrations.
The uncertainty of hydrological modeling considered in this study
mainly came from applying different parameter sets. Figure 9(A)
shows the uncertainty from hydrological modeling by apply-
ing different parameter sets. When uncertainty from statistical
downscaling was considered, the optimal parameter set of the
hydrological model was used, and the 95PPU of surface runoff
was the propagated uncertainty from the application of differ-
ent downscaled ensembles.
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The 10, 20, 30, 40, 50, and 60 downscaled precipitation en-
sembles were first generated using SDSM. The results showed
that the uncertainty bands (95PPU) barely changed when ensem-
bles were greater than 20. Figure 9(B) showed the uncertainty
propagated from statistical downscaling using 40 downscaled
ensembles. Figure 9(C) shows that the uncertainty of 20 down-
scaled ensembles represented an unnoticeable difference. As can
be seen in Figures 9(B) and 9(C), the uncertainty from statistical
downscaling produced much larger uncertainty bands than the
uncertainty band from hydrological modeling (Figure 9(A)). The
95PPU using 40 downscaled ensembles produced a slightly high-
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Figure 10. The observed runoff, 95PPU of total uncertainty, uncertainty from hydrological modeling,
uncertainty from statistical downscaling.

er uncertainty than the 95PPU generated using 20 downscaled en-
sembles but required more calculation resources. Since limited
changes can be found for generating the 95PPU for the surface
runoff by using different numbers of downscaled ensembles, 20
downscaled precipitation ensembles and the ensembles with the
mean of 20 downscaled daily maximum and minimum temper-
atures were used for hydrological simulation for quantifying the
uncertainty.

In this study, evaluating the total uncertainty, which includ-
ed the uncertainty from hydrological modeling and statistical
downscaling, was one of the primary tasks. Building on the ear-
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lier assumption (disregarding the uncertainty from temperature
due to the negligible effects of small temperature variations on
surface runoff), the uncertainty from hydrological modeling was
represented by different parameter sets (1,000 sets), and the un-
certainty from statistical downscaling was evaluated using dif-
ferent downscaled ensembles (20 ensembles of precipitation).
Therefore, 20,000 simulations have been conducted to calculate
the total uncertainty propagated from statistical downscaling to
hydrological modeling. The uncertainty was reflected by using
95PPU of surface runoff. The 95SPPU was calculated by using
the lower level (at 2.5%) and upper level (at 97.5%) of the cu-
mulative distribution of predicted surface runoff. Figure 9(D)
shows the observed runoff, results of the best-simulated sur-
face runoff and 95PPU of total uncertainty using the downscaled
H3A2A outputs. As can be seen, the surface runoff during the

peak flow period of the three years was much higher than the
uncertainty of runoff in other seasons. Figure 9(D) also shows
that the total uncertainty is more significant than individual un-
certainties from two sources due to the broader uncertainty bands.

In order to show the propagation effects of the uncertainty
clearly, the hydrograph (1998 ~ 2000) with uncertainty from dif-
ferent sources was shown in Figure 10. The green area was total
uncertainty that stemmed from hydrological modeling and sta-
tistical downscaling. The brown area was the uncertainty aris-
ing from statistical downscaling only, and the pink area was the
uncertainty from hydrological modeling only. In Figure 10, the
pink area was much smaller than the brown area, indicating that
the uncertainty effects from hydrological modeling are much
smaller than from statistical downscaling to the surface runoff.

Moreover, the brown and pink areas were smaller than the green
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areas, demonstrating that the total uncertainty was larger than
the uncertainties from the two sources. However, the total un-
certainty cannot be estimated with a simple addition of the two
uncertainty sources, and the total uncertainty of surface flow was
more considerable than the sum of the two uncertainty sources.
The uncertainty from different sources can be easily quantified
and compared to the R-factor values. The values of the R-factor
of 95PPU for total uncertainty, uncertainty from statistical down-
scaling, and uncertainty from hydrological modeling were 2.03,
1.08, and 0.48, respectively. The larger the R-factor values in-
dicated a higher level of uncertainty. When the relatively small
uncertainty from statistical downscaling and hydrological model-
ing were combined for new hydrological simulations, the prop-
agated uncertainty was much higher than the addition of the oth-
er two uncertainty sources. If the average width of 95PPU was
used to evaluate the uncertainty, the total uncertainty was about
2.15 times of 95PPU from statistical downscaling and about 4.44
times of 95PPU from hydrological modeling on the monthly av-
erage. The extreme values of three 95SPPU showed a significant
difference in uncertainty effects. In 95PPU of total uncertainty
band area, the largest peak flow could reach 171 m%/s in July of
1998. In the same month, the largest flow of 95PPU from sta-
tistical downscaling and hydrological modeling were 101.8 m?/s
and 35.6 m*/s. They were much smaller than the peak flow from
95PPU of the total uncertainty. The values of P-factor of 95PPU
for total uncertainty, uncertainties from statistical downscaling,
uncertainty from hydrological modeling were 0.75, 0.47 and 0.44,
respectively. The broad uncertainty band still cannot cover all
the observed surface runoff. It may be due to some unexpected
human activities in the study watershed, such as summer irriga-
tion and some small dams for electricity generation.

Figure 11 shows the 95PPU of the annual monthly surface
runoffs from different uncertainty sources during 1998 ~ 2000.
As seen in the figure, the uncertainty from hydrological model-
ing only took up a small portion of the total uncertainty, and the
uncertainty from statistical downscaling made a higher contri-
bution to the total uncertainty. Because the total uncertainty prop-
agated from the uncertainty of statistical downscaling and hydro-
logical modeling enlarged during the new simulations, the to-
tal uncertainty was much higher than the other two uncertainty
sources. For example, in July, the 95PPU of total uncertainty
was 1.92 times of uncertainty from statistical downscaling and
11.26 times of uncertainty from hydrological modeling; in Au-
gust, the 95PPU of total uncertainty was 2.09 times of uncer-
tainty from statistical downscaling and 6.17 times of uncertain-
ty from hydrological modeling. These results demonstrates that
new simulations dramatically increased propagated uncertain-
ty when combining two uncertainty sources.

Also, the uncertainty of three different sources during the
wet seasons (from May to Sep.) was much larger than the un-
certainty in the dry season, which was indicated in Figure 12.
The 95PPU of total uncertainty in the wet seasons (from May
to Sep.) was 5.39 times of uncertainty in the dry seasons (from
Jan. to Apr. and from Oct. to Dec.) during the three years.

As shown in Figure 12, if the seasonal results were con-
cerned, the total uncertainty effects on the four seasons were not
evenly distributed. The first season, including Jan., Feb., and Mar.
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(JFM), had the smallest 95PPU in all three years with an aver-
age bandwidth of 28.1 m%/s; the second season, including Apr.,
May, and Jun. (AM]J), had the second largest average uncertain-
ty bandwidth of 86.9 m%/s in three years; the third season, in-
cluding Jul., Aug., Sep. (JAS), had the most massive average un-
certainty band in three years with the value of 222.4 m%/s; and
the last season, including Oct., Nov., Dec. (OND), had the third-
largest average uncertainty bandwidth which is 53.6 m*/s in all
three years. As shown in Figure 11, the summer season (JAS)
had the greatest total uncertainty compared with the other three
seasons. The dry season of each year showed less variation and
uncertainty in the study area. The reason for that could be con-
cluded that the less uncertainty of surface runoff was mainly
caused by less variation of downscaled GCM outputs (especial-
ly downscaled precipitation) during the dry season.

5. Conclusions

Due to the lack of methods for quantitatively evaluating
propagated uncertainty effects from statistical downscaling and
hydrological modeling, this study proposed the ISES-UPA me-
thod to address this gap. To demonstrate the feasibility of the me-
thod, a case study in the upstream of the Wenjing River Water-
shed in Sichuan, China, was conducted. Initially, using statisti-
cal methods (SDSM), the precipitation and temperature data were
downscaled using the Hadley Centre Coupled Model 3 (Had-
CM3) for the A2 scenario (H3A2a). Recognizing the signifi-
cance and sensitivity of precipitation to hydrological simulation
output, the uncertainty of precipitation was considered the sole
uncertainty source of statistical downscaling in this study. The
uncertainty of precipitation was reflected by applying different
downscaled precipitation ensembles as the input of the hydro-
logical modeling. The uncertainty arising from statistical down-
scaling and hydrological modeling was evaluated separately first,
and then the combined uncertainty effects were evaluated using
95PPU of the surface runoff.

The results revealed that the total propagated uncertainty
significantly exceeds the simple addition of the other two uncer-
tainty sources. Figures 10 and 11 depict the uncertainty effects
from the three individual sources. Although the uncertainty ef-
fects from statistical downscaling alone and hydrological mod-
eling alone were relatively small, the propagated uncertainty ex-
perienced a significant amplification when combining two uncer-
tainty sources for new hydrological simulations. If the average
width of 95PPU was used to evaluate the uncertainty, the total
uncertainty was about 2.15 times of 95PPU from statistical down-
scaling and about 4.44 times of 95PPU from hydrological mod-
eling on the monthly average. Additionally, the findings also in-
dicated that the uncertainty of surface runoff during the wet sea-
son exhibited a higher level of uncertainty compared to the dry
season (e.g., 5.39 times greater than the dry season).

Through the implementation of the proposed ISES-UPA me-
thod, this study performed a quantitative assessment of uncer-
tainty propagation effects. It systematically compared and quan-
tified the uncertainty arising from both statistical downscaling
and hydrological modeling, as well as the total enlarged uncer-
tainty from these two uncertainty sources. The findings from
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this study can serve as valuable scientific references for water
resource management in the study area. When applying future
climate scenarios to make critical decisions, the total propagat-
ed uncertainty information could provide decision-makers with
great confidence in mitigating the potential risks and damages
caused by extreme events. Overall, this research significantly
contributes to addressing key gaps in understanding uncertainty
propagation effects, providing a robust methodological frame-
work for future hydro-meteorological studies. For future research,
the proposed method is ready to evaluate uncertainty propaga-
tion effects when more sources of uncertainty are introduced to
the system. The contributions of each uncertainty component
could be calculated and shown in hydrographs for comparison
using the proposed method. The limited availability of observed
data for calibration and validation may impact the reliability of
analysis results. Enhancing the application by incorporating more
observed data, high-resolution data, multiple hydrological mod-
els, and exploring multiple study areas can further improve the
understanding of uncertainty propagation effects.
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