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Abstract: Exploring potential floods is both essential and critical to making informed decisions
for adaptation options at a river basin scale. The present study investigates changes in flood
extremes in the future using downscaled CMIP5 (Coupled Model Intercomparison Project—Phase
5) high-resolution ensemble projections of near-term climate for the Upper Thu Bon catchment in
Vietnam. Model bias correction techniques are utilized to improve the daily rainfall simulated by the
multi-model climate experiments. The corrected rainfall is then used to drive a calibrated supper-tank
model for runoff simulations. The flood extremes are analyzed based on the Gumbel extreme value
distribution and simulation of design hydrograph methods. Results show that the former method
indicates almost no changes in the flood extremes in the future compared to the baseline climate.
However, the later method explores increases (approximately 20%) in the peaks of very extreme
events in the future climate, especially, the flood peak of a 50-year return period tends to exceed the
flood peak of a 100-year return period of the baseline climate. Meanwhile, the peaks of shorter return
period floods (e.g., 10-year) are projected with a very slight change. Model physical parameterization
schemes and spatial resolution seem to cause larger uncertainties; while different model runs show
less sensitivity to the future projections.

Keywords: high-resolution; multi-model climate experiments; rainfall and flood extremes; near-term
climate; calibrated supper-tank model

1. Introduction

Floods are among the most extreme natural disasters that threaten millions of lives and often
induce severe damages to infrastructure and ecosystems. Each year, thousands of casualties and
economic losses of tens of billions of US dollars are caused by the floods around the world [1]. In the
past few decades, a large number of major floods have occurred across the continents [2]. Many of
them have been found exceeding the historical record of the past century [3] or even the previous
several centuries [4]. Increasing trend of the major floods seems to be exacerbated under a changing
climate as a result of global warming when most projections show significant increases in frequency
and intensity of extreme rainfall events (e.g., [1–3,5–14]).

Water 2019, 11, 634; doi:10.3390/w11040634 www.mdpi.com/journal/water

http://www.mdpi.com/journal/water
http://www.mdpi.com
https://orcid.org/0000-0003-3636-0748
http://www.mdpi.com/2073-4441/11/4/634?type=check_update&version=1
http://dx.doi.org/10.3390/w11040634
http://www.mdpi.com/journal/water


Water 2019, 11, 634 2 of 15

To date, most studies on climate change impacts showed attempts to project changes in runoff
regime, especially the flood extremes, for mid-century, and end of century when the extreme events
are expected to be intensified along with larger increases in surface temperature (e.g., [1,3,13,15,16]).
These studies showed a consistent increase in rainfall and flood runoff in most river basins across the
globe. Especially, tropical regions have future projections of increasing heavy rainfall associated with
tropical storms [17], leading to a significant increase in flood runoff in wet seasons ([16,18]).

Practices to assess climate change’s impact on runoff responses in general and flood extremes
in particular used direct precipitation estimated by general circulation models (GCMs) to drive
hydrological models for runoff simulations (e.g., [3,6,19,20]). However, a large number of studies have
demonstrated that a major source of uncertainties in runoff simulation is precipitation estimation,
especially the estimation of extreme rainfall by GCMs (e.g., [2,6,21]). Because GCMs are generally
formulated for diagnosing synoptic weather patterns and offering climate data of coarse spatiotemporal
resolution, they tend to underestimate extreme rainfall events [22,23], which are the main driver of
flooding disasters. Though an increase in the resolution of GCMs would improve the estimations of
extreme rainfall (e.g., [15,24–27]), applying model bias correction to the projected rainfall to obtain a
better simulated runoff is still needed, especially over areas of complex topography (e.g., [20,28,29]).

As an extension of the previous work on assessing interseasonal variability of runoff using
direct CMIP5 outputs [20], this paper will further explore changes in future flood extremes based on
downscaled CMIP5 high-resolution ensemble projections of near-term climate. The study employs a
quantile-based model to correct for the heavy rainfall projected by CMIP5 high-resolution multi-model
projections, while a scaling bias-correction method is used for the remaining. The corrected rainfall
is then used as input to a calibrated super-tank model for runoff simulations and assessments of
extreme runoff values for the Upper Vu Gia-Thu Bon river basin in Central Vietnam, which is an area
prone to floods. Assessment results are considered for making informed decisions with regard to
implementation of flood risk reduction measures across the river basin.

2. Materials and Methods

2.1. Description of the Study Area

The central region of Vietnam is characterized by a mountain range to the west and narrow flood
plains along the coast line to the east. With respect to climate and weather patterns, the region is
influenced by a tropical monsoon regime with two distinguish wet and dry seasons. The wet season
(September–December), a period known as a transition phase from boreal summer to winter monsoon,
is often affected by intense orographic rainfall that results from tropical depressions and storms. As a
result, Central Vietnam is well-known as a flood-prone area of the country. With regard to flood
hazard, statistics show that the floods seem to be getting more severe and frequent; it is found that six
out of the seven major floods in the last 50 years occurred between 1995 and 2010. This indicates an
increasing trend of flood risk in the region, even in the present day climate.

The Upper Thu Bon catchment selected in this study has a drainage area of 3150 km2, as delineated
at the Nong Son stream gauge (Figure 1). It is a tributary of Vu Gia-Thu Bon river system, the fifth
largest river basin in the Central Vietnam and covering most parts of Quang Nam and Da Nang
provinces. In terms of land use, the catchment is mainly characterized by natural forests; however,
rapid changes of land use for agricultural production have accelerated runoff responses. In addition,
favored by a steep terrain, many reservoirs were constructed, but most of them were designed for
hydropower generation and with limited capacity for flood control. Thus, there is indeed a requirement
of future flood information for updating reservoir operation rules to reduce flood threats in downstream
areas of the river.
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Figure 1. Map of the Upper Thu Bon river basin as delineated at Nong Son stream gauge and locations
of the hydro-meteorological observation [20].

2.2. Hydro-Meteorological Data

Historical hydro-meteorological data is conventionally used for climate model bias correction,
hydrological model calibration-validation, and also for representing the baseline climate condition.
In the Vu Gia-Thu Bon river system, the ground observation network is quite scattered and most of the
observation sites are recording hydro-meteorological variables on a daily time scale. Figure 1 illustrates
observation sites. There are nine rain gauges. Two of them (Tra My and Da Nang) are classified as
atmospheric stations measuring hourly rainfall and other variables such as temperature, evaporation,
and humidity. The remaining sites merely record the rainfall on a daily basis. Two streamflow gauges
(Nong Son and Thanh My) measure hourly discharge and water level; the other six observation sites
only record the water level. These sites have been measuring rainfall and streamflow since late 1970s
to present and the data can be accessed from Vietnam Meteorological Hydrological Administration.

2.3. CMIP5 High-Resolution Climate Model Experiments

As clearly described in the literature [30], the CMIP5 was built to provide a standard set of
climate simulations for the Fifth Assessment Report of IPCC (IPCC-AR5) and critical inputs for
further investigations of climate change and its impacts at local scales. The ensemble of hundreds
of experiments provided by more than fifty models, from modelling groups around the world,
was included in the CMIP5. Individual groups performed experiments of either the long-term
or the near-term; the long-term spans from the mid-nineteenth century through the twenty-first
century, meanwhile the nearer term is out to 2035. The near-term decadal prediction experiments are
a distinguished feature to CMIP. They were initialized from observed states of the climate system to
explore climate predictability and prediction on decadal to multi-decadal timescales. More importantly,
the CMIP5 show remarkable improvements to those of the previous phase (CMIP3), for example: (i) the
better treatment of atmospheric chemistry; (ii) the larger number of experiments; and (iii) especially
the model spatial resolution. The average grid size of CMIP5 is about 100 km on a side. However,
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some modelling groups designed high-resolution models with the horizontal resolutions of the order
of 20–60 km with attempts for further understanding the future climate change at local scales.

The present study utilizes the daily rainfall simulations derived from high-resolution multi-model
experiments performed by three leading climate modelling institutions, including: (i) Meteorological
Research Institute of Japan (MRI); (ii) Japan Agency for Marine-Earth Science and Technology,
Atmosphere and Ocean Research Institute (The University of Tokyo), and National Institute for
Environmental Studies (MIROC); and (iii) Geophysical Fluid Dynamics Laboratory of The United
States of America (GFDL). The experiments are for two time periods, the baseline climate (1979–2008)
and the near-term climate (2026–2035). The baseline climate experimented with the mean monthly sea
surface temperature (SST) observed in the same period. Meanwhile, for future climate, MRI performed
the experiment using SST data based on the projections by the multi-model ensembles according to
the A1B emission scenario, MIROC and GFDL applied prescribed SST (the multi-model mean over the
four representative concentration pathway scenarios) and sea ice concentration anomalies. Various
model runs (MIROC and GFDL) and parameterization schemes (MRI) were experimented for these
high-resolution climate models; whereas the decadal prediction experiments were initialized with
observed recent ocean and sea ice conditions. Table 1 below presents selected CMIP5 high-resolution
climate models and nine available experiments for this study.

Table 1. Selected CMIP5 high-resolution climate models and experiments.

Name of Modelling Group CMIP5 Official
Model-Name Spatial Resolution Experiment *

Meteorological Research Institute of Japan

MRI-AGCM3.2S 20 km r1i1p1 (Expt-1)

MRI-AGCM3.2H 60 km
r1i1p1 (Expt-2)
r1i1p2 (Expt-3)
r1i1p3 (Expt-4)

Geophysical Fluid Dynamics
Laboratory-USA GFDL-HIRAM-C360 25 km r1i1p1 (Expt-5)

r2i1p1 (Expt-6)

Japan Agency for Marine-Earth Science and
Technology, Atmosphere and Ocean
Research Institute (The University of

Tokyo), and National Institute for
Environmental Studies, Japan

MIROC-4H 60 km
r1i1p1 (Expt-7)
r2i1p1 (Expt-8)
r3i1p1 (Expt-9)

* r, i, and p denote experiment number, initialization, and parameterization scheme of a model experiment, respectively.

2.4. Model Bias Correction

High resolution models exhibit the capability of simulating heavy rainfall at local scales [31];
however, they still tend to predict the tendencies of future climate states rather than making precise
predictions of specific events that are likely to occur. For that reason, most impact studies applied model
bias correction techniques to improve the model simulations (e.g. [32,33]). The decadal prediction
experiments need special post processing of the model outputs [30].

Conventional bias correction techniques include simple scaling methods (e.g., [6,32,33]),
complicated multiple regression-base models (e.g., [16,34]) and comprehensively reviewed in the
literature [35]. Another work [6] of this research series presented a regression-based bias correction
model to correct extreme rainfall simulated by a MRI super-high resolution model (Expt-1).
The correction model considered the effect of orographic uplifts causing heavy rainfall during tropical
storms in selection of predictor variables. As a result, in addition to the rainfall variable, the vertical
pressure velocities at low pressure layers have been used to formulate empirical equations. This method
showed a good reference for similar studies. However, other high-resolution CMIP5 models included
in this study show inadequate details of wind field simulations. Thus, this study adopts a combined
scaling and quantile mapping method [36] to correct the area average daily rainfall simulated by CMIP5
models and aimed to overcome overestimated or underestimated future extreme daily precipitation,
in some cases produced by ordinary scaling methods [32].
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In a short description, datasets of observed rainfall and that simulated by CMIP5 models are first
ranked for the entire present day climate. Daily scaling factors are defined for extreme samples with
non-exceedance probability greater than 99.5% and then used to correct the corresponding extreme
rainfall values simulated by the models for future climate. The remaining ranked samples are then
rearranged in time sequence and monthly scaling factors are calculated and applied to correct the daily
rainfall simulated by the models as described in the literature [32].

2.5. Hydrological Simulation

For this study, the corrected area average rainfall in the previous step will be used to drive
a calibrated super-tank model for streamflow simulations. The super-tank is a semi-distributed
hydrological model that was specially developed for both continuous and event-base runoff
simulations. The model concept is based on a hydrological process represented by linear cascade
tanks [37]; however, it focuses on more physical-based features and takes advantages of spatial
available datasets (e.g., digital elevation model, land use, and soil type). As a result, the model has
successfully shown its robustness in flood forecasting and climate change impact assessment across a
wide range of spatial and temporal scales, especially for catchments with limited data (e.g., [20,38,39]).
The details of model structure can be found in the literature [39].

In the previous study [20], the super tank model was setup, calibrated and validated for the Upper
Thu Bon River basin using daily datasets of rainfall and discharge measured in the baseline climate
(1979–2008). Additional to meteorological datasets, model input data also included information on
physical properties of the catchments such as land use, soil type and topographic features. All input
data was spatially set for each model grid cell. Model simulation was set on a daily basis with three
criteria including: Nash–Sutcliffe efficiency (NSE), standard deviation ratio (RSR), and percent bias
(PBIAS) were used to evaluate the model performance. The period of 1989–2008, during which most of
the extreme events occurred, was used for model calibration, and the rest of the dataset was used for
model validation. It was found that the super-tank model demonstrated reasonable reproduction of the
daily streamflow, especially during high flow periods for the Upper Thu Bon River basin. As classified
in the literature [40] the super-tank model was evaluated with a “very good” performance in the
daily streamflow simulation for the calibration dataset and “good” performance in the case of model
validation. As a result, the model was suggested to be a suitable tool for flood studies on climate
change impacts. Detailed model performance evaluation was addressed in the literature [20].

2.6. Flood Frequency Analysis

Flood frequency analysis is useful for flood risk management and design of flood control
structures. The scales of most flood control structures were determined under the consideration
of rainfall variability, but variation properties are stationary with time [41]. Frequency curves had
been established based on variations of the rainfall recorded in the past; they are perhaps no longer
valid under a changing climate. As it has been found that the most extreme events occurred in the
last several decades were distributed beyond the margins of those observed in the history. This study
again employed a method presented in the literature [1] and [14] for determining rainfall and flood
extremes with chosen return periods (Tr) for the baseline and future climates. The method employs the
Gumbel extreme value distribution fitting of the annual maximum discharge using the L-moments
approach [42], as expressed in Equation (1). It was found that the selected extreme value distribution
showed advantages over other distributions for the cases of relatively small data sample [1].

Q(Tr) = ξ − α ln(− ln(1 − 1
Tr

)) (1)

where α and ξ are the scale and location parameters of the analytical Gumbel distributions.
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2.7. Design Hyetograph/Hydrograph

The rainfall extremes are commonly represented by duration-based indices, for instance,
the highest rainfall amount in a certain period of time (yearly- or decadal-basis) is considered
an extremely severe event that might threaten the life and devastate properties and the
environment. In this study, the model bias-corrected rainfall exhibits advantages for the analyses of
intensity-duration-frequency based on the annual maximum 1-, 3-, and 5-day rainfall and helps to
construct some types of design hyetographs. Similar to the previous work of this research series [16],
the present study also applies the Chicago method [43] to model the temporal distribution of the design
hyetographs based on the intensity–duration–frequency curves derived from multi-model simulations
for the baseline and near future climates. This approach considers the asymmetry of the design
hyetographs, a common feature of cyclone rainstorms in West Pacific regions [44]. Detailed steps for
parameter estimations (using a non-linear least squares method) can be found in the literature [16].
The multi-model simulations derived design hyetographs of different return periods are subsequently
used to drive the super tank model to simulate corresponding design hydrographs.

2.8. Estimate of Confidence Interval

As previously addressed, climate model structure and parameterization scheme dominate
uncertainties in rainfall estimation. Different model experiments obviously provide different
simulations of the climate state even under the same model initial and boundary conditions. This study
adopts a simple approach addressed in the literature [45] to estimate the confident interval of the
projections. In a general form, it is assumed that changes in streamflow are normal distribution,
then the 95% confidence interval (∆) of the changes is defined as a function of the change estimated by
the multi-model ensemble mean (∆Q) and standard deviation (δ∆Q), as expressed in Equations (2) and
(3). Note that this principle is also considered to apply for such other variables as the rainfall extremes.

∆ = ∆Q ± 2δ∆Q (2)

δ∆Q =

[
1
N

N

∑
i=1

(∆Qi − ∆Q)
2
]1/2

(3)

where N is the total number of model simulations; ∆Qi denotes the model simulated
streamflow change.

3. Results and Discussion

Before addressing the investigation of flood extremes in the future, it is notable that the CMIP5
near-term experiments are on decadal timescales so that the selected 30-year time-slice representing
the baseline climate is divided into three decadal time-slices: 1979–1988, 1989–1998, and 1999–2008.
Thus, the rainfall and flood extremes will be analyzed for individual decadal time-slices then averaged
to represent the baseline climate (1979–2008). In addition, similar to other approaches (e.g., [1–3,13]),
the simulation of streamflow excludes the influences of flood control structures (e.g. reservoirs and
upcoming river improvement works) and non-climatic factor such as changes in land use. Hence,
this assessment attempts to explore potential changes in the flood extremes. Another remark included
in the present study is that increasing surface temperature is likely to enhance evapotranspiration
processes. However, the present study focuses on the flood extremes, so the effect of evapotranspiration
variability on the flood runoff is omitted.

3.1. Corrected Rainfall

In this study, the inverse distance weighting interpolation method is applied for estimating
area-average daily rainfall from grid-based (climate model outputs) and point observation rainfall
data. Figure 2 exhibits the comparison of the rainfall derived from direct model outputs and model
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bias correction against the observation. It is clear that the direct high-resolution CMIP5 model outputs
underestimate the extreme rainfall; however, it is found that the applied bias correction techniques
have significantly improved the estimates of the extreme rainfall. The quantile mapping shows the
best fit of the multi-model ensemble mean to the perfect line (Figure 2a); the spread of model variation
is insignificant. With respect to temporal correction, the corrected mean monthly rainfall demonstrates
a good agreement with the observation, except slight underestimates in the wettest months (October
and November) of the year (Figure 2b).
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Figure 2. Comparison of the area average rainfall between direct model output and model bias
correction in the baseline climate (1979–2008): (a) daily precipitation quantiles; and (b) mean
monthly rainfall.

Figure 3 illustrates a comparison of historical depth and frequency for rainstorm durations from
1- to 5-day between the observation and corrected multi-model simulations. Results show that the
maximal 1-day rainfall intensity of various return periods is well reproduced for the baseline climate
(Figure 3a). But discrepancies are observed for the greater rainstorm durations (Figure 3b–d). These can
be understood as the applied correction techniques, but still maintain the temporal structure of the
multi-model simulations. It is interesting to see that the upper limit of the 95% confident interval
seems to have a good agreement with the observation.

Similar model bias correction and frequency analyses are then applied for the near future climate
simulations. In this study, the pattern of changes in rainfall and flood extremes is explored merely based
on simulated datasets in the past and future. Figure 4 shows changes in depth–duration–frequency
derived from multi-model simulations for the baseline and near future climates. Increased rainfall
intensity is found larger for greater return periods and also associated with a larger spread of model
variation (Figure 4a–c). It is apparent that there is a slight variation in the extreme events that occurs
with a frequency of every two years. However, those extreme events, with fifty years return period,
(Tr = 50-year) in the future is very likely to exceed the event with the return period of one hundred
years (Tr = 100-year) in the baseline climate (Figure 4d).

3.2. Simulated Discharge

The corrected daily rainfall from multi-model experiments is used to drive the calibrated super
tank model for streamflow simulations. Figure 5a,b show the quantile mapping of daily discharge
and comparison of the mean monthly streamflow for the baseline climate, respectively. It is found
that simulated discharge using the corrected rainfall also exhibits a reasonable agreement with that
reproduced (Rep) using the observed rainfall. Similar to the discrepancies identified for the corrected
rainfall, the simulated streamflow is underestimated during the wettest period of the year.
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Figure 3. Comparison of historical depth and frequency for rainstorm durations of 1-day (a), 3-day (b),
5-day (c), and depth duration with 100-year return period (d) between observed rainfall and model
bias correction (shaded areas show 95% confidence intervals for multi-model simulations).
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Figure 4. Comparison of depth duration frequency (ensemble mean) between the baseline climate
(1979–2008) and near future climate (2026–2035) with 100-year (a), 50-year (b), 10-year (c) return
periods with shaded areas showing 95% confidence intervals of the projected rainfall, and ensemble
means of various frequencies (d) with solid and dashed lines representing the near future and baseline
climates, respectively.
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Figure 5. Comparison of discharge simulated using the observed (Rep) and corrected rainfall
(Ens_mean, upper and lower limits of 95% confidence intervals) against the reproduced discharge in
the baseline climate (1979–2008): (a) daily discharge quantiles; and (b) mean monthly streamflow.

3.3. Change in Flood Extremes

With regard to flood extremes, they are defined as those which have caused losses of life and
excessive damage to property. In the Vu Gia-Thu Bon river system, bank-full discharge usually
triggered serious damages in lowland areas. The peak discharge corresponding to the 2-year return
period is commonly considered representative of river bank-full conditions [46]. Figure 6a shows the
comparison of the flood extremes of different frequencies derived from streamflow simulations using
the observed rainfall (Rep) and corrected rainfall (multi-model ensemble mean) for the baseline climate.
Though the discrepancies are previously addressed for the simulated discharge, it is found, a good
agreement between the reproduced and simulated flood extremes. In this case, both of them show
slightly lower magnitudes as compared to actual observation. The pattern of change in flood extremes
in the future climate is illustrated in Figure 6b. The result indicates similar magnitudes of the flood
extremes in the future to the baseline period based on the near-term experiments by high-resolution
climate models. However, the spread among model experiments seems to be larger along with greater
return periods. The flood extremes (not shown) derived from the experiments (Expt-1 to Expt-4)
performed by MRI indicating significant variations in model projections, because MRI attempted
to examine the influence of different model resolutions and parameterization schemes. Expt-1 and
Expt-2 employed a new cumulus convection scheme which is considerably improved the climatology
of tropical convection (“Yoshimura Scheme”, [47]) project the flood extremes near the upper limit
of the confident interval and those selected conventional convection schemes “Arakawa–Schubert
Scheme [48]” (Expt-3) and “Kain–Fritsch Scheme [49]” (Expt-4) project the flood extremes toward the
lower limit of the confident interval. The super high- resolution model experiment (Expt-1) projects
the largest flood extremes. While the remaining experiments (Expt-5 to Expt-9) offer a slight spread
in model projections as they were designed merely for examining the changes in the projections
corresponding to various model runs.

3.4. Design Storm Hydrographs

The flood extremes in the selected catchment are then further evaluated through the construction
of design storm hyetographs/hydrographs which are considered essential for determining the scales
of water-related systems, especially the flood control structures. The design storm hyetographs are
constructed using intensity–duration–frequency (the inverse of depth–duration–frequency) curves
previously established. Figure 7 illustrates examples of design storm hyetographs/hydrographs
corresponding to typical return periods of 100-year, 50-year, and 10-year.
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Figure 6. (a) Verification of flood extremes reproduced (Rep) using the observed rainfall model bias
correction (Ens_mean) against the observation (Obs); (b) Comparison of multi-model simulations
for the baseline and near future climate with shaded areas showing 95% confidence intervals of the
projected flood extremes.
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Figure 7. Design storm hyetographs and hydrographs for the Upper Thu Bon river basin constructed
for the baseline and future climates with 100-year (a,b), 50-year (c,d), and 10-year (e,f) return periods
and shaded areas shows 95% confidence intervals of the projected hydrographs.
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The design storm hyetographs (Figure 7a,c,e) for the baseline climate are derived from the
observed and multi-model bias corrected rainfall. The results show similar rainfall intensities for
both cases. Again, these indicate reasonable model bias correction used in this study. For future
climate, the projected hyetographs are apparently comparable to those in the baseline climate, except
increases in the peaks. As a result, the design hydrographs reflect the same pattern of changes in the
peak discharge as seen in Figure 7b,d,f. The increases are found significant for more extreme events.
The peak of 100-year and 50-year return period floods tend to increase about 18% and 15%, respectively.
Especially, the peak of 50-year return period flood in the future tends to exceed those corresponding to
100-year return period in the baseline climate. Meanwhile, there is very likely no change in the peak of
low return period floods (e.g., 10-year and 2-year). It is also noted that uncertainties in the projections
are quantified larger for more extreme events.

4. Conclusions

An assessment of flood extremes in the future is performed in this study, the extension of the
previous work on exploring rainfall-runoff responses of small scale catchments under the influence of
a changing climate [20]. The assessment is tested for the Upper Thu Bon river basin, a flood prone
area in Vietnam, using the downscaled CMIP5 high-resolution ensemble projections of near-term
climate. The applied model bias correction techniques show reasonable performance with regard to
improved rainfall simulations by the climate models. The corrected rainfall is useful for flood extreme
analyses. Two methods, Gumbel extreme value distribution fitting of the annual maximum discharge
and construction of design hydrograph, are implemented in this study. The former method indicates
almost no changes in the flood extremes in the future compared to the baseline climate. However,
the later method indicates increases (approximately 20%) in the peaks of very extreme events in the
future climate, especially, the flood peak of 50-year return period tends to exceed the flood peak of
100-yr return period in the baseline climate. Meanwhile, the peaks of shorter return period floods are
projected with a very slight change. As a result, this exploration is believed to be critical to making
informed decisions for implementing flood control and risk reduction in this river basin and the
downstream areas as well.

It is the nature of any climate change impact study that there exist uncertainties in the projection
results. Results indicate that the spread among model experiments is projected larger for greater
return period events. Model physical parameterization schemes and spatial resolution seem to cause
considerable uncertainties. Experiments based on the improved tropical convection scheme seems
to project large increases in flood extremes; while different model runs show less sensitivity to the
future projections.
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