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Abstract. Rainfall-runoff models are common tools for 1 Introduction
river discharge estimation in the field of hydrology. In un-

gauged basins, the dependence on observed river dischargg a major link between the continents and the oceans, river
data for calibration restricts applications of rainfall-runoff discharge isan important Component inthe g|oba| hydr0|ogic
models. The strong correlation between quantities of riverand biochemical cycles. Furthermore, it provides essential
cross-sectional water surface width obtained from remotenformation for many scientific researches and engineering
sensing and corresponding in situ gauged river discharge hagsks associated with water resource management and flood
been verified by many researchers. In this study, a calibrahazard prevention. There is a consensus that the current mon-
tion scheme of rainfall-runoff models based on satellite Ob'itoring networks can not detect the Comp|exity of variations
servations of river width at basin outlet is illustrated. One in surface water Systems adequate|y (AlSdOff et al., 2007)
distinct advantage is that this calibration is independent of\ethertheless, these limited in situ networks and access to
river discharge information. The at-a-station hydraulic ge-river discharge information have been reducing in the past
ometry is implemented to facilitate shifting the calibration decades (Brosmarty et al., 2001). In recent years, the im-
objective from river discharge to river width. The general- provement of river discharge estimation has become a hot
ized likelihood uncertainty estimation (GLUE) is applied to topic for researchers in both remote sensing and hydrology.
model calibration and uncertainty analysis. The calibration The remote-sensing approach is promising for increasing

scheme 'ﬁ demonstrited. thrr:)ugh E case study fﬁr S|frfnulqt|ng1e spatial coverage of river discharge estimations globally.
river discharge at Pakse in the Mekong Basin. The effectiveyy;y, the improvement of sensor technology and successful
ness of the calibration scheme and uncertainties assouatqgunches of many satellite platforms from different coun-

W'th ut:jh?atlon of (rjlv:'-:_rmdth observat|on§ fLom.space areb<.a|>.<— tries, several surface water hydraulic characteristics of large
amined from model input-state-output behaviour, capability jyers can be measured or evaluated from remote-sensing

of reproducing river discharge and posterior parameter diSblata, which include average river width over certain reach
tribution. The results indicate that the satellite observation|ength water surface elevation, water surface slope and chan-

of the river width is a c_ompeter_1t surrogate of observed d's'nel morphology. In many studies, through empirical rela-
charge for the calibration of rainfall-runoff model at Pakse tions which work similarly to rating curves for in situ dis-

and the proposed method has the potential for Improving rég 06 gauging, the information derived from space was used

Iiability of river Qischarge estimation in basins without any like ground measurements of these hydraulic variables for
discharge gauging. scaling river discharge at certain cross-sections along a river
channel. The empirical rating curves are single-variable re-
lations (e.g., Smith et al., 1995; Zhang et al., 2004; Smith
and Pavelsky, 2008; Kouraev et al., 2004; Coe and Bir-
kett, 2004) or multivariate relations (e.g., Smith et al., 1996;

Correspondence tdiV. C. Sun Bjerklie et al., 2005; Bjerklie, 2007), in which either river
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the cross-sectional area that water flow occupied and the bal- In this study, the above-mentioned efforts in remote sens-
ance between gravity and friction. Water surface elevationing and hydrology are combined together to make a new
is easy for in situ monitoring and intuitional for evaluating approach for river discharge estimation in ungauged basins.
the degree of inundation. Therefore, it is more appealingA new calibration scheme for rainfall-runoff model is pro-
for ground gauging. However, from space, river width ob- posed. Instead of river discharge data, the calibration is based
servation is more readily available than water stage, as ibn river width time series derived from a series of remote-
can be extracted from many kinds of remotely sensed im-sensing images for the basin outlet. One distinct advan-
agery. The current radar altimeters (e.g., TOPEX/Poseidotiage of this approach is that the calibration is independent
and Envisat) only provide one dimensional spot water levelof in situ gauged discharge data. And unlike regionalization
measurements along orbit track, leaving large areas betweeschemes which transfer information from gauged basins to
orbits unobserved. This problem of sparse spatial coveragéhe ungauged basin, only limited remotely sensed informa-
could be solved by the future Surface Water Ocean Topogration of the ungauged basin is utilized for parameter identifi-
phy (SWOT) mission (Jet Propulsion Laboratory, 2009). Onecation. In recent years, the potential of integration between
key obstacle for applications of the empirical relations is theremotely sensed flood information and hydraulic modelling
dependence on river discharge data for identifying the ratinchas been well recognized (Schumann et al., 2009). Analo-
curve parameters. Until a reliable parameterization schemegous to those research works of using inundation area derived
could be found, the discharge ratings are generally not apfrom space to constrain the behaviour of hydraulic models
plicable to river systems where ground discharge measurefe.g., Montanari et al., 2009), under the proposed method,
ments are totally unavailable. The second concern is that unremotely sensed river widths are utilized to regulate the sim-
certainties in satellite observations are larger and more comulation made by the rainfall-runoff model, which aims at re-
plex than ground measurements. And defining a proper erroproducing a long time series of river discharge at the daily
model is difficult at this moment, as the full evaluation of the time scale. The reason for using river width is that, at this
errors require comparison between ground and space meaoment, satellite observations of width have wider spatial
surements from large datasets (Bjerklie et al., 2005; Birkett,coverage, compared with water stage. Our method could
1998). Therefore, the impact of measurement error propagaalso make contributions to assess the value of remote-sensing
tion is hard to be evaluated. Another question which needslata for solving hydrologic problems, which remains an is-
to be addressed is how to estimate the variation of dischargeue that has not been well understood (Wagner et al., 2009).
in the periods between instant measurements, for which thén the subsequent section, the details about the methodol-
timing is constrained by the satellite repeat cycle. ogy will be introduced. The calibration scheme is carried
One specific objective, for the scientific initiative of Pred- out under the generalized likelihood uncertainty estimation
ication in Ungauged Basins (PUB) (Sivapalan et al., 2003)(GLUE) framework to quantify the uncertainty in the mod-
launched by the International Association of Hydrological elling process. Then a case study at Pakse in the Mekong
Sciences (IAHS), is reducing uncertainty in river dischargeBasin will be demonstrated, which use river widths derived
prediction. In the field of hydrology, the rainfall-runoff from Japan Earth Resource Satellite-1 (JERS-1) Synthetic
model is a common tool for extending river discharge bothAperture Radar (SAR) images as calibration data. Finally,
in time and space (e.g., Bastola et al., 2008). Based on thbased on the results of the case study, the applicability of the
mathematical description of the rainfall-runoff relation for methodology will be discussed and some conclusions out-
the target basin, it computes the surface runoff correspondingjined.
to meteorological forcing data. As a simplified representa-
tion of the hydrological cycle, the rainfall-runoff model con-
tains conceptual or physical parameters. Ideally, the mod2 Methodology
els with physical parameters which can be measured or es-
timated without calibration are preferred. However, applica-2.1  Shift the calibration objective of rainfall-runoff
tions of such a model are usually difficult. In most cases, fix- model to river width at the basin outlet
ing parameters through the process of calibration based on
observed behaviour for the basin is necessary. The gaugeBssentially, a rainfall-runoff model can be considered as a
river discharge data at the basin outlet are commonly used asystem as follows:
calibration data. For ungauged basins, the main approach for
parameter identification is regionalization, which infers the 9 = £ (1|y) 1)
parameters values from the characteristics of the target un-
gauged basin, based on the statistical relationships betweemhere! is the model input, such as rainfatl) is river dis-
model parameters and basin attributes for a large number ofharge at basin outlet as outpytis the vector of model pa-
gauged basins (Gupta et al., 2005). As being pointed outameters,f is the group of functions representing the sys-
by Sivapalan et al. (2003), this kind of extrapolation remainstem structure. Model calibration is the process of making the
fraught with considerable difficulties and uncertainties. model closely simulate the river discharge at the basin outlet
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by selecting proper values for the parameters. The parame PTTTTTTTTTTTI TTTTTTTTTTTTToemmmme
. . e . . 1 The integrated model
ter values being identified are considered as an appropriate |
representation of t_he rur_10ff generation process. . [ Rainfallrunott nsdel ]4,
The observed river discharge used for regulating model :
simulation is the time series of the quantity of water that i

v
flows through the river channel cross-section at the basin out- Simulated discharge
let. It can be expressed as the product of cross-sectiona v

water surface width, mean depth and mean velocity. In-
versely, from the aspect of river morphology, values of the ‘oo e
above-mentioned three components corresponding to certait
amount of river discharge reflect the river geomorphology.
This is the basis of the at-a-station hydraulic geometry the-
ory (Leopold and Maddock, 1953) which relates the water
surface width, depth and velocity, to discharge, at a certain| Satellite Observations
cross-section by the power function, respectively. The power
function for depth and flow is commonly used as a rating
curve for scaling discharge from in situ gauging of water sur- River discharge estimation by the calibrated
face elevation. However, in this study, we focused on de- rainfall-runoff model alone
veloping a rating curve relationship from discharge and river
V_V'dth’ because satellite observqtlons have'much wider ?quig. 1. Flowchart of the proposed framework for river discharge
tial coverage. Based on at-a-station hydraulic geometry, riveggiimation.

width can be formulated as follows:

Simulated river width Tuning
parameters

Residual is
minimized

W=aQ" () discharge data and consequently facilitates the application in
ungauged basins. Through this process of matching model
simulation to satellite observations, the valuea ahdb are

also identified as the rainfall-runoff modelling parameters,

whereQ is discharge is river width,a andb are two em-
pirical parameters reflecting the hydraulic condition at the

cross-section. The exponehtindicates the sensitivity of ; . . ) .
P y without referring to any information derived from ground

variation of river width to the change of discharge, which is t at th tion. The identified ;
mainly determined by the shape of the cross-section (Ding-measuremen at the cross-section. The identilied parameters

man, 2007). The value df approaches zero as the cross- ?re con;idered to re:flest the runoff generat?on process and Fhe
section shape varies from triangle to rectangle. Traditionally, rver W'qth generatlor? process.at the basin outlet appropri-
a andb are derived from regression analysis on a series 0 t.e'ly. Flnal!y, thg calibrated ramfgll-runoﬁ model a]one IS
values ofQ and W measured at the cross-section. The ap_unllzed for river discharge estimation. The schematic of the
plicability of this function to describe the relation between methodology is illustrated in Fig. 1.

round-gauged river discharge and river width observed fro - L
gpace wos vorfied by Smith el (1995, 1996, and 2008). 122 Source of uncertainties under the calibration
this study, this function is used to shift the observed basin be-
haviour, which regulates the simulation made by the rainfall-
runoff model, from river discharge data to satellite observed
river width time series for the basin outlet. More specifically,

scheme

Without the estimation of reliability, the proposed calibration
scheme can not be applied with confidence. For hydrological
modelling, prediction uncertainty comes from four types of
Eurces: randomness of nature, error in data, parameter un-

cross-sectional water surface width based on Bg.Gonse- ’_E%ertainty and model structure. In the subsequent paragraphs,

quently, the river discharge has become a state variable a
the river width at the basin outlet has become the output o
the integrated model:

e focus on the statements of the additional uncertainties in-
roduced by shifting calibration objective.

1. Uncertainties associated with at-a-station hydraulic ge-
W=g(I|0) A3) ometry relation. The power relation is a simplification of

the relation between discharge and river width, which can

where! is the same input as in Eql)( @ is the vector of  only approximate the hydraulic condition for in-bank flow at
model parameters which include all elementg)pfi andb, river segments that is not influenced by a strong backwater
g is the system structure which contains the rainfall-runoff effect. The hydraulic relation between discharge and river
functions and Eq.2). The calibration of this integrated width may change during the rising and falling limb of a
model is accomplished by adjusting each eleme#itsimul- flood wave. This phenomenon of hysteresis can not be ex-
taneously to find a good fit between river width estimates andplained by empirical relations like hydraulic geometry. Un-
satellite measurements, which eliminates the need of riveder the proposed method, the relation is assumed to be stable
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during the calibration period. However, the exponent and cothe difference between simulation and observations. It
efficient of the power function may vary over time in real should be assigned as zero for all parameter sets that can not
situation, due to the changes in the cross-sectional shapeeproduce the observations and should increase monotoni-
Another issue is that we implicitly assume that a parametercally as the performance rises. The reciprocal of root mean
set that can make a good simulation of river width can alsosquare error (RMSE) is used and computed as follows:
perform well for river discharge estimation. It is somehow 1
doubtful, because the parameter adjustment is not based oY= —————
discharge information. /%Z(Yi —Z)?
2. Uncertainties associated with satellite observations of
river width. The precision of river width measurement from whereL,[#|Y] is the value of likelihood measure for param-
space depends on the spatial resolution of satellite imagester set? conditioned on observations, Y; is the number
(varies from 0.61 m for QuickBird data to 250 m for MODIS i satellite observation of river widtty; is model simulated
data), which leads to the fact that the measurement error igalue at the time step that the numbebservation was made
not negligible. Unlike using continuous river discharge data,from space, and is the total number of satellite observa-
utilization of intermittent satellite measurements mean thattions. The threshold for rejecting parameter sets as nonbe-
the parameter adjustment is only based on the informatiorhavioural ones is another subjective choice that needs to be
at the simulation time steps that observations are availablespecified. For the proposed calibration strategy, it depends
And the model behaviours in the time steps between obseron the resolution of satellite images, river size and degree of
vations (usually weeks to months long) are not regulated byiver width variation at basin outlet.
the calibration. 3. Calculate posterior likelihood distribution for be-
havioural parameter sets. Conditioned on the satellite obser-
2.3 The GLUE framework vations, the likelihood is updated based on the Bayes' rule in
the form:
The GLUE is a Bayesian analysis based Monte Carlo method
for model calibration and uncertainty analysis (see Bevenlpl0|Y]1=CLy[0]Y]L,[0] 5)

and Binley, 1992; Freer et al., 1996 for details). This frame_whereLo[o] is the prior likelihood weight for the parame-

work is utilized in this study to make a quantitive analysis o . S
L ‘ . . ter setf#, which is the same for all behavioural sets in this
of uncertainty in the modelling process and derive some in- . o .
. : . study,L,[0]Y] is the likelihood value calculated in step two,
sights into the effectiveness of the proposed method. Due t v T . .
O . o »[01Y] is the posterior likelihood weight conditioned on
limitations in model structure, data and calibration scheme, . . .
N o observations’, andC is a scaling constant that makes the
a common phenomenon in rainfall-runoff modelling is that a . ;
o . sum ofL ,[#]Y] for all behavioural sets equal to unity.
lot of quite different parameter sets can make equivalently ac- ; : : _
4. Calculate uncertainty quantiles. The cumulative distri-

curate 3|mulat|on_s (equifinality). GLUE_glve_s up the '_[ho_ught bution of the predictions weighted by the likelihood is calcu-
that only one optimal parameter set exists, instead, it divide i
Oated as follows:

all parameter sets into two groups: behavioural ones an
unbehavioural ones, based on the likelihood measure which "
quantifies the degree of belief of a parameter set being a good: (21 <2) = ZLP["I‘ 1Z1,i <z] ©
simulator. All of the behavioural sets are used for making i=1
simulation. The distribution of the likelihood value for be- where P;(Z; < z) is the cumulative probability of the value
havioural sets is treated as a probabilistic weighting functionof predicted variableZ less than an arbitrary valueat time
for the predicted variables (Beven and Binley, 1992). Ac-stepr, L ,[6;] is the posterior likelihood weight of parameter
cording to this, a cumulative distribution of the model pre- seté;, for which the prediction at time step(Z; ;) is less
dictions is formulated and the uncertainty quantiles are comthanz, m is the total number of the parameter sets satisfy-
puted. Under GLUE, some subjective choices are made exing the condition ofZ, ; < z. From this cumulative proba-
plicitly, which are expected to be reasonable for the mod-bility distribution, a lower 5% and upper 95% quantiles is
elling work. The implementation of GLUE in this study is as obtained at every time step. These two quantiles for all sim-
follows: ulation steps constitute the simulation limits, which charac-
1. Generate random samples from parameter space. Aerise the uncertainty associated with the parameterization of
large number of parameter sets need to be generated fahe model conditioned on the model structure, input and cal-
Monte Carlo simulations based on prior parameter distribu-ibration data, the parameter sets being used, and the subjec-
tions. In this study, the uniform distribution with lower and tive choices made in GLUE (e.g., the selection of likelihood
upper bounds are assumed to present the priori distributionmeasure and rejection threshold value). If the 90% simula-
of parameters. tion intervals are large enough to cover most of the observa-
2. Calculate the likelihood values for parameter sets andions, it means the parameter variability alone can account for
select behavioural ones. The likelihood measure quantifieshe total output uncertainty (Blasone et al., 2008). However,

(4)
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Fig. 3. The selected reach at Pakse for measuring river width from
JERS-1 SAR images and examples of the area elements being mea-
sured.
North . . . .
rainfall-runoff model alone to make river discharge simula-
A tion. Subsequently, in the similar way as river width, uncer-
tainty limits of river discharge are drawn, which define the
400Km uncertainty in the process of river discharge simulation.

3 Application to Mekong River at Pakse
Fig. 2. Location of Pakse in the Mekong Basin and rainfall gauging PP 9

stations. 3.1 Description of study area

GLUE licat h hat th diction limi The Mekong River is the 12th longest river in the world, with
many applications show that the prediction limits can , drainage area of 795000 kmlt originates from the Ti-

not encompass the observations at the percentage equalliriﬂatan Plateau and flows through Yunnan Province in China
to the specified certainty level (e.g., the above defined QO%Myanmar Laos. Thailand. Cambodia and Vietnam. as showr;
predictic')nilimi_ts) (Beven, 2_006; Montanari, 2005) due to the ;. Fig. 2. 1CIima,1te varies ,from cold in the upstrea1m region
uncer.talntles in t'he modelllng process. ) to tropical climate in the downstream region. The annual
As illustrated in Fig. 1, the direct output of the integrated average rainfall is around 1570 mm. River discharge esti-
model is river width at basin outlet. The uncertainty limits of .41 was carried out for the Pakse gauging station, which
river width are expected to bracket most of river widths 0b- ;¢ |5cated in the main stem of the Mekong River, southwest
servations. Atthe same time, these limits should be narrowtq ;o< The upstream area of Pakse (545 009 kancording

guarantee predictive capability. Not referring to any informa- MRC, 2003) is treated as our target area for rainfall-runoff
tion about discharge, the likelihood value is computed merelymodelling.

based on the performance of river width simulation. To make

the discharge estimation, we assume that a parameter set c8p  Extraction of river width from satellite imagery

make good river width simulation and can also make equally

good river discharge estimation. Then the posterior likeli- River widths at Pakse region were extracted from 16 scenes
hood distribution obtained in step three is also treated as af JERS-1 SAR images (Level 2.1) captured during 1995—
probabilistic weighting function for river discharge. For the 1998, with a processed spatial resolution of 12.5m. JERS-1
same period as calibration, the values of rainfall-runoff pa-was launched in February 1992 and terminated in October
rameters in each behavioural parameter set are applied to tHE998 by Japan. Active microwave emitted by the SAR is
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Table 1. Parameter descriptions and ranges of random sampling.

Model Name Description Range
Cmax Maximum storage capacity 1-500
Bexp  Degree of spatial variability of the soil moisture capacity 0-2
HYMOD o Factor distributing the flow between slow and quick release reservoirs  0-1
Ks Residence time of the slow release reservoir 0.001-0.5
Kq Residence time of the quick release reservoirs 0.5-1.2
Coefficient of the power function 1000-2000

. . a
At-a-station Hydraulic geometry , Exponent of the power function 0.005-0.1

specularly reflected by smooth open water bodies. Backscat 1840
ter values from river water surface are relatively consistent
(Smith, et al., 1995), which facilitates water area classifica- __ 470 1
tion. To reduce measurement error and localized variabil-
ity, average river width (mentioned as “effective width” by
Smith, et al., 1996) over a selected reach at Pakse was ex
tracted. The spatial extent of the reach is shown in Fig. 3. ;
The channel length is roughly 11 times of bankfull width at
Pakse gauging station, which conforms to the suggestions of
Bjerklie et al. (2005). For each image, the average width is 1520
calculated as:

1680

River Width(m

1600 -

0 10000 20000 30000

u u “—a Discharge(mals)
w a — Ui — Uy
We= T = I (7) A Plots of observations —— Uncertainty bounds from regression

. . . . L —— Relation from regression = = Best relation from calibration
W, is effective width,a,, is water surface area within the

reach/ is reach lengthy, is .the _tOtal area,w'th'n edge of wa- Fig. 4. Plots of effective width derived from JERS-1 SAR images
ter surface that contacts with river baakjs the area of per-  yersys river discharge measured at Pakse gauging station, the re-
manent islands, and is the area of sandbars. The area com- |ation obtained from regression with uncertainty bounds, and best
ponents in Eq.q) were delineated through visual interpreta- relation obtained from calibration based on river width.

tion as demonstrated in Fig. 3. In Fig. 4, the average river

widths derived from space are plotted against correspond-

ing daily river discharge data at Pakse station. The best fit3.3 Rainfall-runoff model and GLUE setup

ted curve in the form of power function W=1221.3@934%,

And a strong correlationR? = 0.92) exists between the two The HYdrological MODel (HYMOD) was used in this
variables. The uncertainty bounds of the relation obtaineddemonstrative case study. It was originally developed by
from regression shown in Fig. 4 were defined by a simpleBoyle (2001) and has been adopted in studies about hydro-
method: moving the relation obtained from regression up-logical model parameter estimation and uncertainty analysis
wards by one standard derivation (26.35 m) of the difference(e.g., Moradkhani, et al., 2005; Schaefli and Gupta, 2007).
between the satellite observations and values of river widthOriginating from the probability-distributed principle pro-
computed from the best fitted curve using corresponding obposed by Moore (1985), HYMOD is a daily step rainfall ex-
served discharge as input, the upper boundary was obtainedess model based on a nonlinear water storage capacity dis-
Similarly, the lower boundary is the best fitted curve minus tribution function. The routing system includes a sequence
one standard deviation. The low exponent value (0.0341) obf three quick-flow tanks which describe surface flow, in
the power relation, which is common in large rivers systemsparallel to a slow-flow tank corresponding to groundwater.
(Latrubesse, 2008), suggests that the increase in river widtfhe model structure is depicted in Fig. 5 and parameters
is not proportionate to the increase in the discharge: Ratiare listed in Table 1. The original HYMOD uses basin
of discharge variation (maximum minus minimum) to mini- averaged rainfall and potential evapotranspiration as input,
mum observed discharge in Fig. 4 is 19.4; but this ratio forwhich cannot describe spatial heterogeneity adequately, due
river width observations from space is 0.1. Moreover, de-to the huge drainage area (545 000%mlt was revised to
tected river width variation (maximum minus minimum) is account for spatial variation in rainfall and evapotranspira-
only nearly 13 times of spatial resolution of JERS-1 SAR tion: The study area was divided into eight subbasins. HY-
images (12.5m). MOD was applied to each subbasin, keeping the values of
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Fig. 5. Conceptual description of the HYdrological MODel (HY- o
MOD) 1/1/95 9/1/95 5/1/96 11197 91197 5/1/98 1/1/99
’ [ Uncertainty band for likelihood > 0.0333 -~ Observed discharge

Uncertainty band for likelihood > 0.0167
1900

Fig. 7. Uncertainty bands for river discharge simulations made from
parameter sets with associated likelihood values higher than 0.0167
and 0.0333.
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4 Results and discussion
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4.1 River width simulation

1400
1/1/1995 9/1/1995 5/1/1996 111997 9/111997 5/1/1998 1111999

[ Uncertainty band for likelihood > 0.0333 A Satellite derived river widths
Uncertainty band for likelihood > 0.0167

The input-state-output behaviour of the model was exam-
ined. The selection of a proper criterion for rejecting pa-
rameter sets as nonbehavioural ones is a direct way of ar-
Fig. 6. Uncertainty bands for river width simulations made from fiving at the balance between narrow simulation intervals
parameter sets with associated likelihood values higher than 0.016and encompassing most of observations, after model struc-
and 0.0333. ture, data and likelihood measure being decided. At first,
we arbitrarily chose a low value for the likelihood measure
. (0.0167, corresponding RMSE: 60 m) as rejection criterion.
the three runoff generation parametefinéx Bexp @anda) Oyt of 50000 generated samples, 1090 sets were kept as
same among the subbasins. The two routing parame<ers ( pehavioural ones. The resulting uncertainty intervals are
andKs) were treated as spatially varied ones, using the disgemonstrated in Fig. 6. All of the 16 river width observations
tance between each subbasin and Pakse as a scaling factgerived from space are embraced. To further reduce simula-
At each time step, the amount of river discharge at Paksgjon uncertainty, a stricter criterion (0.0333, corresponding
is the sum of the water that comes from each subbasin, ang\SE: 30 m) was applied to draw simulation intervals. This
reaching Pakse at that specific time step. The daily rainfallime, only 151 sets reach this threshold. The observations
data from 26 stations for the period of 1995-1998, and Ahngre still encompassed by the simulation intervals. Mean-
and Tateishi monthly potential evapotranspiration (Ahn andhjje, the uncertainty is significantly reduced as shown in
Tateishi, 1994) were used as inqu. Observed .rive.r dischargf;ig_ 6. This value is a more proper criterion, because the un-
data at Pakse station are also available for validation. certainty seems to be minimized (locations of some observa-
A total of seven parameters, five from HYMOD and the ions are very close to the uncertainty boundary). The match-
other two from the power relation between discharge andng petween river width estimates and satellite observations
river width at Pakse (see Table 1) are calibrated under GLUEsuggests the model input-state-output behaviour is reliable,

scheme. For calibration, 50000 parameter sets were gefghich is one precondition for making a trustworthy river dis-
erated using Latin-Hypercube sampling algorithm, based onxharge estimation.

uniform distribution and specified ranges of model parame-

ters as shown in Table 1. According to E4),the likelihood 4 5 River discharge estimation

value for each parameter set was computed, as a quantifi-

cation of the difference between the river widths observedrne rajnfall-runoff model parameter values in each be-

from space and river width estimates made by the integrategayioural set were applied to HYMOD alone to simulate

model, which was translated into the degree of goodness fofiyer discharge. Fortunately, in situ gauged discharge data

each parameter set. at Pakse are available for inspecting the performance of
river discharge simulation. Figure 7 depicts the uncertainty
intervals for the two selected rejection thresholds, respec-
tively. The 90% uncertainty intervals are close to observed
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daily discharge at Pakse. And timing of variation in river
discharge is well reproduced. The percentage of observationsig. 9. Likelihood versus Nash-Sutcliffe efficiency of simulated dis-
within simulation intervals is 39.8% and 70.3% for threshold charge for parameter sets with associated likelihood values higher
0.0333 and 0.0167, respectively, which are comparable wit{han 0.0167.
other hydrological modelling studies using GLUE (Monta-
nari, 2005; Jia, 2008). Nevertheless, even all of river widths
are within the simulation intervals, some of the river dis- likelihood value is higher than 0.0167 (RMSE0 m), the
charge observations are out of the uncertainty limits of dis-Nash-Sutcliffe efficiency of simulated discharge was com-
charge estimation. The inaccuracy of river discharge simulaputed and plotted against the likelihood value, as shown in
tion results from the errors of the rainfall-runoff model itself Fig. 9. It can be seen that the capability in reproducing river
and the shift of calibration objective. These two issues aredischarge varies among the plausible parameter sets that per-
examined below. forms equally well in river width simulation (e.qg., the plots

Calibration based on observed discharge data of 1995crossed by Line A). However, as the likelihood value in-
1998 was carried out under GLUE, using the Nash-Sutcliffecreases, this variation decreases among the parameter sets
efficiency of discharge as likelihood, and the same 50 000with same likelihood value, and the average performance in-
parameter sets being randomly generated and the same igreases (e.g., the plots on Line B are more converged than
put forcing data. In Fig. 8, the simulated discharge by thethe ones on Line A and average Nash-Suitcliffe efficiency is
parameter set that maximizes the value of Nash-Sutcliffe efhigher). The above-mentioned characteristics indicate that a
ficiency (Q,) are shown together with the mean simulated positive correlation exits, which somehow validates the as-
discharge of behavioural parameter sets obtained from calisumption.
bration based on river width(,,), and observed discharge = The distribution of the scatter plots also demonstrates lim-
at Pakse gauging statiof,, stands for the best capability of itations in using river width as calibration data. In Fig. 9,
the rainfall-runoff model itself for reproducing the discharge for plots in Region C, performance in discharge estimation is
at Pakse. The temporal variation patternggfandQ,, are  poor. This can partially be explained by the fact that judg-
similar, as shown in Fig. 8. For example, both simulationsments made by GLUE are only based on whether the likeli-
can not reproduce the flood peak in 1997 sufficiently in ahood value is good or not. But this issue is not a major con-
similar way, which could be explained by the imperfect de- cern, because the contributions of the sets in Region C to dis-
scription of spatial variation in rainfall during the flood pe- charge estimation are limited, due to their relatively low like-
riod. This indicates that the uncertainty associated with thdihood value. The plots in Region D are more worth noting.
rainfall-runoff model itself still exists for calibration based They stand for the parameters sets that can make good dis-
on river width. charge simulations and span the whole range of behavioural

The difference between the two simulations in Fig. 8 likelihood value. Many good parameter sets in this region in-
is a sign of the uncertainty introduced by shifting calibra- dicate river width observations from space do work well as a
tion objective. Under the proposed calibration scheme, arsurrogate of river discharge and also indicate the equifinality
implicit assumption is made: a parameter set that makeén rainfall-runoff modelling. The plots with low likelihood
good river width simulations can also produce equally goodvalues in this region will have low weight in discharge esti-
river discharge estimations. Only when this extrapolation ofmations, due to their relatively poorer performance in river
model performance from river width to discharge is valid, width simulation. This may cause some minor details about
can the method be reliable. For each parameter set that tHeydrograph being lost. But major variation in river discharge
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Fig. 10. Plots of likelihood value versus parameter values of the HYMOD for calibration against river width and river discharge, respectively.

can still be reproduced, because many sets with high likeli-on river width (RMSE< 60 m) and river discharge (Nash-

hood values also exist in this region. Sutcliffe efficiency>0.75), their likelihood values versus pa-
rameter values of the HYMOD are plotted in Fig. 10, re-
4.3 Posterior parameter distributions spectively. Compared with calibration against discharge, the

number of behavioural parameter sets is much lower for cali-
Confidence in the proposed method also relies on the consisyration based on river width, which partially implies that this
tency between parameter estimates and reality of the basialibration has stronger constraints on parameter space, due
In this context, inspecting posterior parameter distributionsto increased complexity of model structure. The values of the
conditioned on calibration data may give us some insightsparametetCay identified from both calibrations are roughly

into model reliability (Winsemius, et al., 2006). For the the same (100 to 500), as shown in Fig. 10. This consistency
behavioural parameter sets obtained from calibration based
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Fig. 11. Plots of likelihood value versus parameter values of the at-a-station hydraulic geometry relation.

could be considered as a sign for the effectiveness of the prowidth variation is detectable from space. The detectability is
posed method. However, for both calibrations, identified pa-related to the sensor’s resolution. Nowadays, satellite image
rameter values of the other four parameters are almost spregatoducts with decimeter level resolution (e.g., QuickBird)
across the whole prior range. are available. As pointed out by Xu et al. (2004), besides
In contrast, the two parameters of at-a-station hydrauliclarge rivers, these very high resolution images make river
geometry relation (i.e.a and b in Eq. @)) are strongly  width variation of medium size, even small size rivers de-
constrained by calibration, as shown in Fig. 11. This in-tectable from space. Judging from the views of the cross-
dicates that these two parameters are sensitive and they digction type and river size, a broad applicability of the pro-
not compensate for rainfall-runoff model parameters’ effect.posed method is promised.
The values oz andb are determined by geometry and hy-  Another distinct difference from calibration using river
draulic condition of the cross-section (Ferguson, 1986; Ding-discharge is that only intermittent observations are used for
man, 2007). They are usually derived through regressiorparameter identification. In the case study, robust parameter
analysis based on values of discharge and river width obsets were identified from the information provided by only
servations. The posterior distributions @fand » are in 16 discontinuous observations during the 4 year period. This
single peak shape, which is consistent with the fact that adensity of observations is in line with Perrin et al. (2007).
strong correlation between river width and discharge exists aTheir results shows that using only 10 random selected val-
Pakse. The parameter values that maximize likelihood meaues from 39-year long continuous daily discharge data is still
sure are 1363.1 and 0.0230, respectively, which are close tpossible to derive reasonable parameter estimates. This low
the best fitted curven(=1221.3 5 =0.0341) as demonstrated requirement in satellite observation amount may come from
in Fig. 4. These facts raise the confidence that the relation bethe fact that the hydrograph variation at Pakse is regular and
tween river width and discharge at Pakse region is properlysmooth, as depicted in Fig. 7, and satellite observations for

reflected by posterior distributions @fandb. both dry and wet conditions are included in calibration data.
For such a hydrograph, only several observations per year
4.4 Implications for application to ungauged basins may capture the essence of river discharge variation. In-

deed, the information provided by the satellite observations
Judging from the above three aspects, satellite observation agfhould be enough to identify the parameters being calibrated.
river width is a competent surrogate of observed dischargeMontanari et al. (2009) have illustrated the situation that the
for the calibration of rainfall-runoff model. Admittedly, gen- calibration of a coupled hydrologic-hydraulic model based
eral insights for real applications to ungauged basins are limon satellite observations failed to identify model parameters,
ited from one single case study. However, some implicationawvhich was explained by the fact that the amount of remotely
still can be obtained for future applications. sensed information was not sufficient. To reproduce the hy-

In spite of the fact that the river width variation at Pakse drograph with high irregularity and variability, satellite ob-

is only tenfold satellite resolution, the application was suc-Servations with higher observation frequency are required.
cessful. It indicates that the proposed method could even bEor basins without discharge gauging, temporal distribution
applicable to river segments with low width exponent valuein rainfall data may provide some clues to infer river dis-
in at-a-station hydraulic geometry relation (less than 0.1), forcharge variability (Smakhtin and Masse, 2000).
which river width variation is low and consequently detecting  The likelihood value for each parameter set defines the dif-
this variation from space takes on highest difficulty. Besidesference between river width observations and the simulation.
a strong correlation between river discharge and width ex-Ultimately, it is treated as the degree of confidence in making
ists, which depends on the hydraulic process at basin outlegood river discharge estimation. Results from this case study
another requirement for a successful application is that riveiindicate that this extrapolation is effective, but not perfect:
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although the uncertainty quantiles can cover all river width correlation shows minor impact on river discharge estima-
measurements, the simulation intervals of river dischargetion. The posterior distributions of two at-a-station hydraulic
can not encompass all observations. Through trial-and-errogeometry parameters can reflect the hydraulic condition at
a proper rejection threshold may be found to bracket mosPakse reasonably. It can be concluded that this calibration
width observations with relatively narrow uncertainty inter- scheme would have wide applicability for reproducing river
vals, just like the threshold 0.333 in the case study. How-discharge time series on the daily scale in ungauged basins.
ever, amoderate threshold may be desired to cover more river Under the GLUE scheme, data assimilation is easy to carry
discharge, as the threshold 0.167. There is no question thatut. It is recommended in exploring the possibilities of up-
this will increase uncertainty in discharge estimation. But thedating likelihood distribution by assimilating each satellite
uncertainty associated with the selection of rejection threshebservation of river width subsequently into the likelihood
old could be examined under GLUE. It is also worth noting value for each parameter set through the Bayes’ rule. In
that the utilization of moderate threshold does not guaranteghis study, the relation between discharge and river width at
100% coverage of river discharge, because it can not overbasin outlet is assumed to be constant. However, the relation
come the inherent error of the rainfall-runoff model itself.  maybe varies temporally, due to human activities, vegetation,
To further explore the applicability, a question needs toerosion and deposition. Data assimilation would be a mean-
be addressed: what kind of ungauged basins are suitable fangful approach to reflect temporal variation in at-a-station
the proposed calibration scheme? First, river discharge gaudiydraulic geometry relation and consequently have the po-
ing is totally unavailable, or observed hydrological data aretential to further improve the performance of river discharge
not accessible. Second, the input and forcing data for theestimation.
selected rainfall-runoff model are available. Third, the at-a-
station hydraulic geometry is proper to approximate the re-AcknowledgementsThe authors sincerely acknowledge Ministry
lation between discharge and river width at the basin out-0f Education, Culture, Sports, Science and Technology of Japan
let, which requires that the reach should be alluvial and self-Grand-in-aid  Scientific Research (N0.21560537, PI: Hiroshi

formed. Finally, the variation of the river width at basin out- Ishidaira, University of Yamanashi) and Global Center of Excel-
let can be detected from remote sensing lence (GCOE) Program, Evolution of Research and Education on
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